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Deregulation of Singapore electricity market has benefited electricity consumers in 
many aspects.  In addition to lower electricity prices, consumers are entitled to select 
from various types of electricity contracts offered by energy suppliers, which may 
have different risk characteristics. This thesis investigates the optimal decision-
making among these contracts for consumers in Singapore electricity market, with the 
objective to minimize total electricity costs taking into account the potential risks 
consumers are exposed to.  
A preliminary study is firstly conducted to investigate the risk characteristics of 
available contracts, employing Mean-Variance framework from Modern Portfolio 
Theory. Through numerical experiments, the impacts of different input parameters are 
investigated. 
To extend the previous single-period model to multi-period cases, a stochastic 
programming model is proposed, employing Conditional Value-at-Risk as the risk 
measure of electricity costs. Scenario generation and reduction techniques are 
employed to resolve the stochasticity of fuel oil prices and other uncertainties, 
through which the stochastic programming model can then be approximated by a 
deterministic linear programming model and solved.  
Based on the proposed multi-period integer programming model, a practical tool 
operating in spreadsheet is developed to aid the decision making process. This tool 
can provide optimal solutions to the deterministic programming model based on 
ix 
 
forecasted oil prices or under given scenarios, thus it can serve as a useful reference 
for consumers with subjective perspectives of oil price trends. 
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Chapter 1: Introduction 
In the last two decades, many countries have started their journey of deregulation of 
electricity markets to promote the efficient supply of competitively-priced electricity. 
The deregulation results in several changes for the participants in electricity markets. 
Generation companies need to strategically compete to sell the electricity; and in 
some deregulated markets, for example, Singapore electricity market, large consumers 
are entitled to several options to purchase electricity instead of purchasing electricity 
at a regulated price as they did in the traditional government-regulated markets. The 
options include entering into various types of bilateral contracts, which may have 
different price forms and risk characteristics. Therefore, the selection of optimal 
contracts has become a major problem facing consumers. This thesis intends to 
address this electricity contract selection problem. 
In the following section, the introduction to the background and structural framework 
of Singapore electricity market is firstly provided, followed by the motivations of the 
study. Subsequently, the objectives and the scopes of the study are specified. At the 
end, the structure of the thesis is introduced.  
1.1  Background of Singapore electricity market 
In Asia, Singapore took the first step in restructuring electricity industry in order to 
promote the efficient supply of competitively-priced electricity and to attract private 
investment in Singapore’s power system infrastructure. The journey of deregulation 
started ever since 1995, more than one decade ago.  
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1.1.1  Market structure 
Similar to other deregulated electricity markets in the world, the reformed market is 
composed of a spot market (also referred as “pool”) and a retail market. Generation 
companies bid half-hourly in the spot market to compete to sell electricity, whereas 
consumers purchase electricity in the retail market either from retailers or Market 
Support Service Licensee (MSSL, who provides market support services). There is 
currently no demand-side bidding in Singapore electricity market; MSSL and retailers 
purchase electricity on behalf of consumers from the spot market at half-hourly 
varying pool prices. It is worth noting that vesting contract, a special type of contract 
for differences, in-between large generation companies and MSSL on behalf of all 
consumers, is imposed in spot market to curb the exercise of market power of large 
generation companies. Under vesting contract, a specified quantity (hedge quantity) of 
electricity is traded at a pre-specified price, i.e. hedge price, instead of half-hourly 
changing pool prices. Hedge price and hedge quantity, reviewed and revised quarterly 
by Electricity Market Authority (EMA), can reduce the impact of the fluctuations of 
electricity prices of both the buyers and the sellers in the market.  
The simplified market structure with existing players of our interests is shown in 
Figure 1-1, in which the arrows denote the transaction flows of electricity. From 
Figure 1-1 it can be seen that there are two types of consumers: non-contestable 
consumers and contestable consumers. Non-contestable consumers, referring to the 
small consumers such as residential users, can only purchase electricity at quarterly-
revised regulated tariff from MSSL. While those consumers with average monthly 
consumption above 10MWh are classified as contestable consumers, and entitled to 
select suppliers on their own. Different suppliers may offer various types of contracts, 
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such as fixed-rate contract with a uniform price applied to the whole contractual 
length, and fuel-indexed contract of which the electricity price is pegged to the 
movement of fuel oil prices. The risks associated with different contracts may range 
widely. Therefore it is not straightforward to select contracts; some seemingly 
“cheaper” contract may result in larger electricity cost in the end due to the fluctuation 
of fuel oil prices and electricity spot prices. These available contracts will be 
introduced in the next sub-section.   
              
Figure 1-1 Simplified electricity market structure 
1.1.2  Available contracts 
The major types of contracts offered by the retailers are listed below, with their risk 
features highlighted. 
(1) Fixed-rate contract: the price of electricity is constant within the whole 
contractual length. Multiple rates can be applied for different sections of 
periods in a day. It is called correspondingly single-fixed-rate contract if a 
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uniform price is applied throughout the days and double-fixed-rate contract if 
a higher rate is applied in peak periods and lower rate is applied in off-peak 
periods. This type of contracts protects consumers from the fluctuation of 
electricity prices; however, it also prohibits consumers from enjoying the 
savings when the electricity prices drop down. 
(2) Discount-off-tariff contract: the retailers offer a constant discount rate off the 
regulated electricity tariff published by the government quarterly, for which 
the quarterly forward fuel oil price is the most important determinant
3
. 
Therefore, this type of contracts results in larger risk comparing with fixed-
rate contract; however, the risk is still considered to be moderate since the 
price changes quarterly.  
(3) Fuel-indexed contract: the electricity price is pegged to the movement of the 
monthly fuel oil prices.  It is obvious that it has larger uncertainty comparing 
with the previous two contracts. In the case of downward fuel oil movement, 
consumers can benefit from it directly. 
(4) Pool-price-based contract: the half-hourly electricity price is based on the half-
hourly changing pool price and vesting contracts with a mark-up. Consumers 
pay the mark-up in exchange of the high setup cost of entering into the spot 
market. In this case, consumers are exposed to the greatest uncertainty. 
These contracts obviously have different risk characteristics. For instance, the last two 
contracts usually offer more attractive electricity prices against the previous two; 
                                               
3 “Review of the Tariff Formula-Apr. 2009”, available on  www.ema.com.sg. 
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however, they also expose consumers to higher risks due to the volatility of fuel oil 
prices and electricity spot prices.  
1.2  Motivations of the study 
As introduced above, the available contracts in Singapore electricity market have 
different price forms and risk characteristics. Other contracts may also be introduced 
into the market gradually. A contract portfolio composed of different contracts whose 
weights sum up to one, is allowed in the context of Singapore electricity market, 
which increases the difficulty of analyzing the problem. In addition, an appropriate 
risk measure should be adopted to quantitatively assess the risk of the contracts, and 
consumers should choose their own contract portfolio wisely under different market 
circumstances so that both the electricity cost and the potential risk can be minimized.  
Only a few papers can be found addressing the contract selection problem from the 
perspective of electricity consumers (Carrion et al., 2007, Ceppi and Gatti, 2010, 
Conejo et al., 2005, Elliott et al., 2010, Hochreiter et al., 2006). In contrast, the 
analogous problem, electricity producers or retailers’ power portfolio allocation 
problem, has attracted more attention (Eichhorn and Romisch, 2006, Eichhorn and 
Romisch, 2008, Fleten et al., 2002, Haneveld and van der Vlerk, 2001, Hyman, 2010, 
Kettunen et al., 2008, Kettunen et al., 2010, Kubat, 2006, Li et al., 2009, Nourai and 
Schafer, 2009, Sanchez et al., 2008, Sen et al., 2006, Wu et al., 2008). A more 
detailed literature review will be provided in the next chapter.  
Comparing with other electricity markets, Singapore electricity market has its own 
characteristics that distinguish itself from other electricity markets in the world wide. 
For example, the obligatory vesting contract in Singapore electricity market protects 
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the pool prices from drastic price changes. In addition, there are also some practical 
restrictions which need to be accounted for. For instance, in practice, consumers 
choosing fixed-rate contracts are not allowed to change contracts within the whole 
contractual period, whereas consumers choosing other contracts are free to change 
contracts, given a certain advance notice. The reason is that retailers purchase fuel oil 
from the forward market in advance for fixed-rate contracts, therefore the cost is pre-
determined. These characteristics are not captured in the existing models. 
In addition to the aforementioned specific characteristics, in Singapore, natural gas is 
the major energy source, which is purchased from other countries such as Malaysia 
and Indonesia at a price pegged to the fuel oil prices, specifically, prices of High 
Sulfur Fuel Oil 180-cst (HSFO). In the remaining parts of this thesis, fuel oil price 
and HSFO price will be used interchangeably. As a consequence, there is a strong 
positive correlation of electricity prices and fuel oil prices, which is also rarely seen in 
other electricity markets. This fact implies that an appropriate oil price forecasting 
model should be incorporated into the study, which is not addressed in the existing 
literature.  
1.3  Objectives and scopes 
Due to the aforementioned inadequacies of the existing literature in the contract 
selection problem in electricity markets, we believe there is a need to conduct our 
research. This thesis intends to achieve the following specific objectives:  
(1) To conduct a preliminary study on the single-period contract selection problem 
to investigate the risk characteristics of different contracts, and help consumers 
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minimize the total electricity cost, taking into account the risk consumers are 
exposed to. 
(2) To develop a mathematical model to tackle the multi-period contract selection 
problem, in other words, to minimize the total electricity cost and the potential 
risk of consumers in multi stages, under the uncertainties of fuel oil prices and 
other factors. 
(3) To construct a spreadsheet-based decision support system to aid the decision 
making process in multi-period contract selection problem. 
It should be noted that, the mathematical model developed in this thesis to address the 
contract portfolio problem captures the uncertainties of fuel oil prices, for the reason 
that it is the dominant energy source in Singapore electricity market. There may be 
several energy sources in other electricity markets, for which the model may need to 
be tailored to be suitable. Besides, in our study, we only focus on the electricity 
transaction in the spot market and the retail market. However, in reality, the electricity 
market can be a complicated system including not only the transactions of electricity 
but also the transactions of other products, such as reserve and regulation in Singapore 
electricity market. Furthermore, the existence of forward market will also complicate 
the problem. However, these are beyond the scope of our study. 
1.4  Organization of the thesis 
The rest of the thesis is organized as follows:  
Chapter 1: Introduction 
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Chapter 2 provides a thorough literature review on the contract portfolio problem as 
well as the analogous power portfolio problem, the fuel oil price forecasting models 
and scenario generation approaches to solve stochastic programming models. 
In Chapter 3, the simplified single-period contract selection problem is formulated as 
a mixed-integer programming model, employing Mean-Variance framework from 
Modern Portfolio Theory. Sensitivity analysis is performed to investigate the impacts 
of key input parameters.  
In Chapter 4, the multi-period contract selection problem is formulated as a stochastic 
programming model, and solved using scenario generation and reduction techniques.  
Utilizing the mixed-integer programming model from the previous chapter, a decision 
support system is developed for consumers in Singapore electricity market in Chapter 
5, which can provide a useful reference for decision makers. 
In the end, the discussions and conclusions are presented in the last chapter, and the 
future research directions are proposed.  
Chapter 2: Literature Review 
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Chapter 2: Literature Review 
In this chapter, a review of the application of portfolio theory in the electricity sector 
is firstly provided, with focus on the application on consumers’ contract selection 
problems. Subsequently, a review of existing fuel oil forecasting models and model 
selection criteria is provided, followed by a review of multi-period stochastic 
programming model and scenario generation methods.  
2.1  The application of portfolio theory in the electricity sector 
Due to the different price forms and risk characteristics of alternative contracts, we 
aim to select a contract portfolio instead of a single contract to minimize the 
electricity cost and the risk that consumers are exposed to in the meantime. This in 
essence coincides with the concept of portfolio theory. We refer to Markowitz (1991) 
for an introduction to portfolio theory and its development. It is an approach to make 
quantitative evaluation of financial risk and return jointly and to achieve a trade-off 
between them. It is strongly related to the concept of diversification, which in short 
means to spread out the investment to mitigate the risk.  
2.1.1  Power portfolio allocation problem 
As a quantitative financial approach well developed and widely adopted, portfolio 
approach has been gradually introduced into many areas, including the electricity 
sector. In fact, its application in energy industries can be dated back to 1970s; Bar-
Lev and Katz (1976) firstly adopt portfolio theory to help electric utility companies 
optimize their fossil fuel mix. The application of portfolio theory in electricity 
markets started in late 1990s (Bjorgan et al., 1999, Fleten et al., 1997), when the 
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deregulation and transformation of electricity markets have taken place in some 
countries.  As more and more countries around the world started to undergo the 
deregulation of electricity markets since then, risk management inevitably catches the 
attention of participants in the deregulated markets. Therefore, a growing number of 
papers applying portfolio theory in electricity markets can be found (Carrion et al., 
2007, Ceppi and Gatti, 2010, Conejo et al., 2005, Eichhorn and Romisch, 2006, 
Eichhorn and Romisch, 2008, Elliott et al., 2010, Fleten et al., 2002, Gross et al., 
2010, Haneveld and van der Vlerk, 2001, Hochreiter et al., 2006, Hyman, 2010, 
Kettunen et al., 2008, Kettunen et al., 2010, Kubat, 2006, Li et al., 2009, Nourai and 
Schafer, 2009, Sanchez et al., 2008, Sen et al., 2006, Wu et al., 2008). It is noticed 
that this topic is gaining its popularity in recent years, evidenced by the growing trend 
of relevant papers since 2008.  
Among these papers applying portfolio theory to the electricity sector, only a small 
number of them deal with large consumers’ contract selection problem; some of them 
consider retailers’ portfolio allocation problem to fulfill certain demand, while a large 
portion of them take the perspective of electricity generators.  
Retailers’ portfolio allocation problem is to a large extent analogous to consumers’ 
contract selection problem; the objective is to help retailers minimize the total cost 
and the risk in meeting their contractual obligations to fulfil consumers’ contingent 
load, by rationally selecting the energy sources, including from the spot market, from 
the short-term and long-term forward contracts with generators. Eichhorn et al. (2006) 
propose a mean-risk optimization model for a price-taking retailer with options of self 
producing a limited amount, trading in spot market, and entering into bilateral 
contracts. Uncertainties of the electricity demand, heat demand, spot prices, and 
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forward prices are captured, and intermediate cash positions are taken into 
consideration in order to avoid liquidity problem. Kettunen et al. (2010) develop a 
multistage stochastic optimization model for retailers, accounting for the correlation 
between spot price and demand. Conditional Value-at-Risk (CVaR) is employed as 
the risk measure in both of the abovementioned papers.  
Generators’ portfolio selection problem can roughly be further categorized into two 
types according to their portfolios. One is to select from a range of alternative 
technologies to minimize the electricity generation cost and the related risks (Gan and 
Bourcier, 2002, Sanchez et al., 2008), which usually take a long-term perspective, and 
are not our focus. Another type is analogous to large consumers’ contract selection 
problem. A large body of literature found is of this type, to list a few, Sen et al. (2006), 
Azevedo et al. (2010), Liu et al. (2007), Giacometti et al.(2010)  and Oliveira et al. 
(2011) Similar to consumers’ contract selection problem, the decision maker, 
generators, has various electricity supply sources, mainly from self-production; in 
case of shortage, it can also purchase electricity from the spot market to satisfy the 
demand. After fulfilling the demand, it may sell the excess electricity to the spot 
market. In some markets, it can also enter into short-term or long-term forward 
contracts or call options contracts to trade electricity. Azevedo et al. (2010) apply a 
meta-heuristic technique namely particle swarm optimization to solve the producer’s 
multi-period contract allocation problem, and the risk is captured by variance of the 
return. In Liu and Wu (2007), the authors address the importance of risk management 
in electricity market for generation companies, and formulate the problem of 
electricity allocation between spot markets and contracts for generation companies as 
a portfolio allocation problem with several risky assets and a risk-free asset. Variance 
of the return is also employed as the risk measure. This problem in broad terms can be 
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viewed as an extension of consumers’ electricity contract selection problem or 
retailers’ portfolio allocation problem, for the reason that there are some more issues 
that generators need to take into account comparing with consumers or retailers’ 
portfolio allocation problem. For example, Sen et al. (2006) integrate the generator’s 
portfolio selection model with the unit commitment problem of the plants. Another 
example can be found in Giacometti et al. (2010), in which the authors optimize the 
portfolio of financial contracts taking into consideration of the hydropower plant’s 
production scheduling problem.  
2.1.2  Electricity contract selection problem 
As aforementioned, relatively few papers addressing the problem of electricity 
contract selection for large consumers can be found (Carrion et al., 2007, Ceppi and 
Gatti, 2010, Conejo et al., 2005, Elliott et al., 2010, Hochreiter et al., 2006). In 
Conejo et al. (2005) and Carrion et al. (2007), three supply sources are considered: (1) 
to purchase electricity from the pool; (2) to enter into bilateral contracts; and (3) to 
self-produce a limited amount. The purpose is to determine the allocation of the 
electricity procurement through each source to minimize the total electricity cost 
within a certain time frame.  Conejo et al. (2005) develop a deterministic mixed 
integer programming model to determine the electricity quantity allocated to different 
sources at all hours of different day types, using forecasted demand and pool prices. 
This model is further extended by considering the risk accruing from uncertainty in 
the pool prices (Carrion et al., 2007). However, the demand is still assumed to be 
known using forecasted data. The uncertainty of pool prices is addressed by scenario 
generation, and risk aversion is modelled using the conditional value-at-risk (CVaR) 
measure of the terminal value.  Another related work, Hochreiter et al. (2006) also use 
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CVaR as the measure of the risk. It differs from the previous work in terms of the 
methodology of scenario generation. Huisman et al. (2009) proposes a Mean-
Variance framework to address the optimal allocations in peak and off-peak forward 
contracts. Zhang et al. (2010) analyze several real-time-pricing schemes and apply 
no-arbitrage pricing theory to pricing these contracts. CVaR is employed as the risk 
measure in the model.  
In general, modelling approaches in these papers dealing with consumers’ contract 
selection problem or the analogous electricity portfolio allocation problem differ in 
two aspects: (1) which type of risk measures is adopted; and (2) what uncertainties are 
captured and how they are resolved. It is noticed that, risk management is receiving 
increasing attention as revealed in these papers, because of the high volatility of 
electricity spot prices due to the non-storability of electricity. One approach is to 
incorporate penalty cost for shortfalls into the objective functions, as illustrated in 
Fleten et al. (2002). Another common approach is to employ financial risk measures, 
such as variance (Hyman, 2010, Liu and Wu, 2007, Nourai and Schafer, 2009), 
Value-at-Risk (VaR) (Kleindorfer and Li, 2005), and Conditional Value-at-Risk 
(CVaR) (Carrion et al., 2007, Ceppi and Gatti, 2010, Eichhorn and Romisch, 2006, 
Eichhorn and Romisch, 2008, Hochreiter et al., 2006, Wu et al., 2008). Variance, as a 
symmetric risk measure, evaluates the deviations above and below the mean equally. 
It is commonly adopted in some areas for its simplicity. However, in the context of 
electricity market, due to the existence of price peaks, the electricity cost tends to 
exhibit fat-tailed distributions. Using variance tends to underestimate the risk of large 
losses. VaR, defined as the maximum loss at a certain significance level in a period, is 
a common risk measure in finance. However, it is subject to computational difficulty 
and violates sub-additivity property (Kettunen et al., 2008). Besides, as a quantile-
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based value, VaR neglects the value beyond this quantile, and cannot capture the full 
picture especially when the total loss exhibits heavy-tail distributions. CVaR is 
defined is the expectation of the VaR at a certain significance level. The main 
advantage of CVaR over VaR is its computational efficiency(Kettunen et al., 2008). 
CVaR is considered as a more reasonable risk measure as advocated in Haneveld and 
Van Der Vlerk (2001) and Fleten et al. (2002). Besides, CVaR satisfies the four 
properties of a coherent risk measure, as proposed in Artzner et al. (1999): translation 
invariance, sub-additivity, positive homogeneity, and positivity. However, CVaR is a 
single-period risk measure. To tailor its use in multi-period models, a common 
practice is to evaluate CVaR of the terminal value (Carrion et al., 2007). Another 
approach is to apply a risk constraint matrix to bound intermediate CVaR (Kettunen et 
al., 2008). In Eichhorn and Romisch et al. (2008), the authors propose several ways to 
generalize single-period CVaR into multi-period CVaR. 
The uncertainties considered in these works mainly include the spot prices, the 
forward prices, and the demand. Different papers capture the uncertainties in different 
levels. In some works, all the uncertainties are assumed to be known using historical 
data or forecasted data, resulted in a deterministic model (Conejo et al., 2005). Some 
papers address only the uncertainties of spot prices, and characterize the prices using 
an ARIMA model, assuming the demand known (Carrion et al., 2007). The 
parameterized ARIMA model is used to generate scenario tree, and then a heuristic 
fast-forward scenario reduction technique is used to reduce the size of the scenario 
tree. Oliveira et al. (2011) use an interval forecast of spot prices and apply mixture 
design of experiments to solve the optimization problem. Kettunen et al. (2010) 
consider spot price and demand as uncertainties and also account for  the correlation 
between them. Spot price and demand are modelled as two correlated mean reversion 
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processes and scenario generation techniques are used to generate a recombining 
discrete time scenario tree of these two correlated binomial trees. In Sen et al. (2006), 
noticing the impact of gas price on generation costs, the authors also include the gas 
prices into consideration, assuming that gas forward price is perfectly correlated to the 
electricity forward price. Time series models are developed based on historical data to 
represent these uncertainties, on the basis of which scenarios trees are constructed 
using different approaches. Other than this paper, very little work can be found 
considering uncertainties besides electricity spot prices, demand, and contract prices. 
Another worth noting point is that, the bilateral contracts considered in these papers 
simply commit the consumers with a deterministic price instead of various forms of 
prices with different risk characteristics.  
To sum up, these existing models are not adequate to solve our problem for the 
following reasons: 
(1) In the context of Singapore electricity market, various types of contracts with 
different price forms are available. However, the bilateral contracts 
considered in these papers simply commit the consumers with a deterministic 
price or an option to trade with a deterministic price in the future. 
(2) In Singapore electricity market, natural gas is the dominant energy source, 
whose price is strictly pegged to fuel oil price. Therefore, fuel oil price is a 
significant determinant of electricity prices. However, the volatility of fuel oil 
price and the impact of it are not incorporated into these models. 
(3) Some other specific characteristics of Singapore electricity market should be 
considered and accommodated in the model. For example, from the empirical 
study of the historical data in the market, we found strong correlation of 
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regulated tariffs and fuel oil prices. This relationship should be accounted for 
into the model. Another example is that, as aforementioned, there is a specific 
requirement for fixed contract consumers to maintain the proportion of fixed-
rate contract in the contractual period. Besides, due to the existence of vesting 
contract in the spot market, close attention needs to be paid in pool prices 
modelling.  
Current research on Singapore electricity market that can be found mainly focused on 
the performance of the market from the regulators perspective. For example, the 
effectiveness of vesting contracts on controlling market power is examined (Chang, 
2007), and the pool price volatility under different market frameworks is compared 
(Chang and Park, 2007). To our knowledge, there are currently no existing 
publications addressing the contract selection problem in Singapore electricity market. 
Therefore, we are motivated to develop a mathematical programming model to solve 
our problem. As aforementioned, fuel oil price is a significant determinant of 
electricity prices. Therefore, it is of great significance that we incorporate the 
forecasts of fuel oil prices into our model. In the next section, a review of fuel oil 
price models and model selection criteria is provided. 
2.2  Fuel oil price models and model selection criteria 
Shafiee and Topal (2010) provide a review on long-term oil forecasting models, 
including classical models (Mean Reversion and Geometric Brownian Motion), 
stochastic price forecasting models, and mean reverting models with jumps. Another 
comprehensive review can be found in Frey et al. (2009), in which the existing 
models are broadly classified into three categories: 1) time series models; 2) financial 
models based on the relationship of spot prices and forward prices; and 3) structural 
Chapter 2: Literature Review 
17 
 
models considering the impact of specific economic factors. The major characteristic 
of models in the first category is to utilize solely on historical data of spot prices for 
the forecasting process. In other words, the assumption is that the information of spot 
price is embedded in the spot price itself. In the second category, financial models, the 
relationships of spot prices and forward prices are exploited to forecast spot prices. 
The fundamental assumption of the relationship is that the spot-future parity, which 
states that the value of the forward of a certain asset should equal the current spot 
price adjusted for the cost of money. In the third category, the impact of a set of 
fundamental economic factors on oil prices is taken into account. The economic 
factors can be mainly categorized into two classes: 1) the role played by OPEC in the 
international oil market, and 2) the status of the demand and inventory levels. Models 
under this class differ in the way the economic factors are defined and the way the 
relative inventory level is modelled. One example of structural model can be found in 
Ye et al. (2005), taking into account the relative inventory levels and other economic 
factors. Graphical methods and benchmark model comparison can be found, and both 
in-sample and out-of-sample forecasting evaluations are performed. 
To justify or compare fuel oil price forecasting models, two common approaches are: 
1) employing benchmark models such as the random walk model and simple 
autoregressive models, and 2) adopting forecasting evaluation criteria. In some cases, 
graphical evaluation is employed, especially for structural models (Frey et al., 2009). 
Two types of evaluation criteria are often adopted: error-based criteria and 
information based criteria. Error-based model selection criteria mainly include Mean 
Square Error (MSE) or Root Mean Square Error (RMSE), Mean Absolute Error 
(MAE), and Mean Absolute Percentage Error (MAPE); commonly adopted 
information based criteria include Akaike Information Criteria (AIC), and Bayesian 
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Information Criteria (BIC) (Akaike, 1973, Diebold et al., 2004, Lehmann and Casella, 
1998, Sugiura, 1978). Details of these criteria will be introduced later. 
It is not our major research focus to develop a comprehensive fuel oil price 
forecasting model. Therefore, in our study, we intend to adopt a stochastic model in 
the first category for oil price forecasting for the reason of data availability. The 
procedure of model selection and justification will be presented in the next chapter. 
2.3  Multi-period stochastic program and scenario generation 
Due to the existence of uncertainties in the input parameters, we adopt stochastic 
programming to formulate the problem for its flexibility and well-developed statistical 
techniques. We refer to Shapiro et al. (2009) for the theoretical foundations and 
modelling techniques of stochastic programming. Due to the presence of random 
processes in multi-period stochastic programming models, it is usually quite difficult 
or even impossible to obtain close form solutions. It is common that multi-period 
stochastic programming models be solved numerically. In order to solve stochastic 
programming models numerically, the underlying random processes need to be 
discretized into a finite realizations, which are usually represented by scenarios. 
Scenario tree is a form to depict the chronological sequence of data, and is usually 
construct by generating a large number of possible sample paths and reducing it to a 
reasonable size for the reason of mathematical tractability (Shapiro et al., 2009). 
There are several approaches to generate sample paths, for example, Monte Carlo 
Sampling, and generating by the moment-matching principle (Heitsch and Romisch, 
2005). There are also some papers addressing scenario reduction techniques 
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(Dupacová et al., 2002, Heitsch and Romisch, 2005, Latorre et al., 2007). The 
effectiveness of different approaches of scenario tree construction are discussed 
(Guastaroba et al., 2009, Kaut and Wallace, 2003). More details on stochastic 
programming and scenario tree construction will be provided in Chapter 4.  
In the third chapter, the preliminary study of single-period contract selection problem 
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Chapter 3: Single-Period Contract Selection Problem 
In this chapter, single-period contract selection problem is investigated. Mean-
Variance framework is employed to model the problem, and numerical experiment is 
performed to investigate the effects of input parameters on the optimal solutions. 
3.1  Introduction and problem description 
There are several risk measures available in Modern Portfolio Theory, among which 
variance is most commonly adopted approach. It is generally based on two different 
frameworks (Fabozzi et al., 2007): (1) the assumption that the returns of investments 
are normally distributed; (2) the assumption that the utility function of the investor is 
quadratic. It is noted that quadratic utility function can provide a good approximation 
for many standard utility functions, such as exponential utility function and power 
utility function. In our problem, the first assumption could be restrictive to some 
extent; however, it is feasible to assume that contestable consumers’ utility function is 
quadratic. It should also be noted that variance is a symmetric risk measure, which 
tends to underestimate the risk, for the reason that the electricity cost usually exhibits 
fat-tail distribution due to electricity price spikes. For the sake of simplicity, in this 
chapter, we adopt variance as the risk measure for a preliminary study.  
In the first place, we develop a preliminary single-period portfolio allocation model 
and its alternative formulations for our problem. It should be pointed out that although 
this model can obtain the optimal contract portfolio in a single period, it fails to 
capture the fact that consumers are allowed to change contracts within the contractual 
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length. The multi-period model proposed in the next chapter attempts to extend the 
preliminary model to address this problem.  
Applying the concept of Mean-Variance analysis to our problem, contracts available 
to contestable consumers are analogous to assets available to investors. 
Corresponding to the rate of return of a certain asset, we can define the total 
electricity cost in a period of time resulted from a certain contract for a contestable 
consumer as a random variable. It should be pointed out that, the total electricity cost 
in a single period cannot be simply assumed to follow certain distribution since it is 
determined by the electricity price specified in the contract and the consumer’s 
electricity load. Therefore, we focus on modelling the electricity price and the 
electricity load, from which we obtain the estimate of mean and variance of the total 
electricity cost 
3.2  Decision framework 
Generally speaking, selecting contracts is in fact a multi-stage decision making 
process, since in practice consumers are allowed to change their contracts within the 
contractual length given short notice to retailers. To start with, in this chapter, we 
present a study of single-period decision making problem, in which consumers is 
allowed to select the contract or contract portfolio in the beginning of decision 
making process, and maintains the contract throughout the contractual period.  
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3.3  Problem formulation 
In this section, assumptions and the formulation of the available contracts are firstly 
provided, after which the single-period model is presented, and three different 
formulations are discussed.  
3.3.1  Formulation of contracts 
Similar to the return of different assets in portfolio management, we define the total 
cost resulted from different contracts in a single period as random variables, which are 
determined by uncertainties such as consumer’s electricity load and electricity prices. 
Therefore, we start to define these uncertainties as random variables. Under certain 
assumptions, we can model the total cost resulted from different contracts in period t 
as a function of these random variables and obtain the expected value and variance of 
them. 
We first consider the following random variables:  
:tl  consumer’s electricity consumption in  period t 
:tp  average peak pool price in period  t 
:tp  
average off-peak pool price in period  t 
tf
 
the average spot fuel oil price expressed in Singapore dollars in period t 
The assumptions for this preliminary study include: 
(1) Consumer’s total electricity consumption in a single period follows certain 
distributions, and is independent from the one in another period. The ratio of 
peak consumption to the total consumption is constant; 
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(2) Average spot fuel oil price in a single period follows certain distributions, and 
is independent from the one in another period;  
(3) Average peak pool prices in a single period follows certain distributions, and 
is independent from the one in another period;  
(4) Average off-peak pool prices in a single period follows certain distributions, 
and is independent from the one in another period;  
(5) The total electricity consumption in a single period is independent from the 
corresponding average spot fuel oil prices and the regulated tariff. 
These random variables may follow any distributions. We assume that total electricity 
consumption in period t, average spot fuel oil price in period t, average peak pool 
prices in period t, and average off-peak pool prices in period t follow certain 
distributions (not necessarily the same) and the notations of their mean and variance 
are defined below: 
2 2 2 2( , ),  ( , ),  ( , ),  ( , )t t t t t t t t t t t tl l f f p p p pl f p p         (3.1) 
Fuel oil cost composes a large portion of electricity production cost. Both the spot 
fuel oil prices and the forward fuel oil prices are related to our analysis. As mentioned 
above, quarterly vesting contract hedge price and tariff are determined based on the 
average monthly forward fuel oil prices according to established formula
4
. To 
determine the average monthly forward fuel oil prices, the regulator will use the 
forward fuel oil prices transacted or quoted in the first month of the preceding quarter 
                                               
4 Refer to EMA’s procedure for calculating the components of vesting contracts (April 2005), available 
at www.ema.com.sg 
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for the quarter which hedge price is to be calculated. In contrast, when consumers 
choose fuel-indexed packages, the electricity price is indexed to the average monthly 
spot fuel oil prices. 
As a matter of fact, as shown in Figure 3-1, through analyzing historical data in 
Singapore energy market, it is found that the average forward fuel oil prices are quite 
close to the corresponding average spot fuel oil prices. Due to this reason and the 
limitation of data availability for average forward fuel oil prices, we use the 
corresponding average spot fuel oil prices as an approximation to the forward fuel oil 
prices. 
 
Figure 3-1 Forward fuel oil prices and the corresponding spot fuel oil prices 
We further explore the relationship between the average spot fuel oil prices (as 
approximation to the average forward fuel oil prices) and the hedge price and 
regulated tariff. It is noted that hedge prices are determined by EMA based on fuel oil 
prices, which can be proved by the strong linear regression relationship of them as 
shown in Figure 3-2. Electricity tariff is determined in a similar manner. Taking high 
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tension electricity peak tariff for illustration, from Figure 3-3 we can see that the basic 
linear regression model can fit the data very well (with R-square greater than 0.98).  
 
Figure 3-2 The relationship of hedge prices (HP) and fuel oil prices 
 
Figure 3-3 The relationship of peak tariff (High Tension) and fuel oil prices 
Therefore, we assume that the regulated electricity tariff and vesting contract hedge 











p c d f
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  (3.2) 
Chapter 3: Single-Period Contract Selection Problem 
26 
 
It should be noted that the corresponding spot fuel oil price for the regulated tariff is 
not the spot fuel oil price in the same period. For example, if period t is in the third 
quarter, than the regulated tariff of this period is determined by the average spot fuel 
oil price in the 1
st
 month of the preceding quarter, which is the average monthly spot 
fuel oil price in April. We use q to denote the corresponding period of period t.  
Pool prices are determined directly based on generation companies’ bids and the total 
demand condition, yet it may also have correlations with the fuel oil prices. We 
assume that the covariance of pool prices and fuel oil prices are known, ,cov f p  
and  
,cov f p respectively. The price forms and total electricity costs of different contracts 
are shown in Table 3-1 below. 
Table 3-1 The price form and total electricity cost of available contracts 
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From the above information, we can also calculate the expected value, the variance 
and the covariance of the total electricity costs for different contracts in period t 
(shown in Table 3-2 and Table 3-3). 
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Table 3-2 The expected value of the total electricity cost 
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Table 3-3 The variance of the total electricity cost 
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We can also obtain the covariance matrix, with entries calculated as shown in Table 
3-4 below. 
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There are several points to be noted: 
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(1) In reality, vesting hedge portion is not a constant; instead, it is calculated 
through an established procedure published by government, and has different 
values in different half-hour periods.  We assume it as a constant   as an 
approximation.  
(2) We define a single period as a time interval when regulated tariff does not 
changes, i.e., no longer than a quarter.  
3.3.2  Single-period contract selection model 
We adopt the classical Mean-Variance analysis framework for our problem. Assume 
that there are Bn  types of contracts available for a certain consumer at the beginning 
of period 0 ( 0t  ). For this consumer, the total electricity cost of i
th
 contract is a 




iis  respectively; the 
covariance of total electricity cost for i
th
 contract and total electricity cost for j
th
 
contract is 0 0
ij jis s . 
We define the weight of contract i in the contract portfolio of this period as 
0 0( [0,1])i iw w  .In other words, a certain proportion (
0
iw ) of the consumer’s electricity 
consumption in this period is charged based on the unit electricity price agreed in i
th
 
contract. Thus the total electricity cost is a random variable with expected value 
0 0 0 0 0 0
1 1 2 2 ... B Bn nr w r w r w    and variance 
1
0 2 0 0 0 0 0 0 0
1 1 1 1 1
( ) 2
B B B B Bn n n n n
i ii i j ij i j ij
i i j i i j
w s w w s w w s

     
     . 
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Written more compactly with matrix notation, the expected value and the variance are 
0 0'r w and 0 0 0'w V w correspondingly, where
0 0 0 0
1 2( , ,..., ) 'Bnr r rr , 
0 0 0 0
1 2( , ,..., ) 'Bnw w ww  ,  and  
0









B B B B
n
n











V   (3.3)                                                                
We refer to Fabozzi et al. (2007). For our problem, there are three alternative but 
equivalent formulations:  (1) risk minimization formulation; (2) cost minimization 
formulation; and (3) risk aversion formulation.   
Risk minimization formulation: in (3.4), the objective is to minimize the variance of 
the total expected cost, under the constraint that the expected cost equals to a target 
value 
0r . The decision variable is 
0
w , which can take any value between 0 to 1, and 


















  (3.4) 
Cost minimization formulation: in (3.5), the objective is to minimize the total 
expected cost under the constraint that the variance does not exceed a target value
2
o . 









                '      1,      (1,1,...,1) '










  (3.5) 
Risk aversion formulation: by introducing a risk aversion coefficient λ ( 0  ), we 
can also formulate the problem in the form of (3.5) to explicitly model the trade-off 
between risk and return.  Larger λ indicates that the consumer is more risk-aversive. 
By tuning λ, we can actually obtain identical results from (3.6) with the above two 
formulations. Thus in the following part, we will focus on this formulation. 




. . ' 1,     (1,1,...,1) '






r w w V w
w ι ι
w 0
  (3.6) 
There are both equality and inequality constraints in this formulation. It is often 
advantageous to transform a constrained problem to an unconstrained problem due to 
the availability of various types of unconstrained optimization techniques. Lagrangian 
relaxation is a commonly used method to transform the problem by constructing 
Lagrangian dual problem. For instance, we can construct the Lagrangian dual problem 
of  (3.6)  as follows in (3.7) (Murty, 1978).  
0 0 0 0 0 0 0
1 2
 ( ) ' ' ( ' 1)





Min L v v
u u u
    
  
0 0 0 0
0 0
w , ,u r w w V w w ι u 'w
u 0 ι u
 (3.7) 
In the expression for ( )
0L v0 0w , , u , the inequality and equality constraints have been 
incorporated in the objective function using the Lagrange multipliers 0u  and 0v . 
However, it should be noted that, in the presence of inequality constraints, the 
Lagrange multipliers associated with them have to satisfy sign restrictions and 
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complementary slackness conditions: 0u associated with the inequality constraints 
0 w 0  is nonnegative and subject to the constraint of complementary slackness 
property that =00 0u 'w . In this context, the Lagrange multipliers are known as KKT 
Lagrange multipliers. Also the conditions to be satisfied by the solutions of the primal, 
and the dual problem in order to be optimal, including primal feasibility, dual 
feasibility, and complementary slackness property, are exactly KKT necessary 
conditions. 
In this formulation, because the quadratic form, 0 0 0'w V w , is the variance of the 
total electricity cost multiplied by the risk aversion coefficient, the quadratic form is 
positive definite. Thus the objective function is a convex function. Moreover, the 
inequality and equality constraints are both convex functions. Hence, KKT conditions 
are necessary and sufficient to guarantee global optimality for our problem. 
According to KKT conditions, the objective function is: 
0 0 0 0 0 0( ) ' 'Min f  w r w w V w   (3.8) 
The inequality constraint is: 
0 0( ) 0, 1,2,...,i i Bg w i n   w   (3.9) 
And the equality constraint is: 
0 0( ) ' 1 0, (1,1,...,1) 'h    w w ι ι   (3.10) 
Thus we have: 
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w   (3.13) 
Therefore, the sufficient KKT conditions can be written as: 
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   (3.14) 
From this we can find the optimal solution to the model. By solving this model, we 
are able to obtain the trade-off between the total expected cost and the variance of the 
total cost in period 0. This is actually a parametric optimization model: varying λ 
leads to different optimal contract portfolios. These contract portfolios can be plotted 
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in mean-standard deviation space, and the curve is known as efficient frontier. In our 
case, the efficient frontier differs from the conventional efficient frontier, which can 
be seen in the section of numerical analysis. 
3.4  Numerical analysis   
In this section, we perform the numerical experiments using our proposed model in 
the previous section. The efficient frontier in the Mean-Variance space is obtained, 
and compared with the classical efficient frontier in portfolio management. The effect 
of risk aversion on the optimal contract portfolio is examined. Sensitivity analysis is 
performed to investigate the effects of the consumer’s load profile, fuel oil price 
volatility, and pool price volatility on the optimal solution. 
From analyzing the historical market price data
5
 and historical electricity contracts, 
we obtain the estimate for the following input parameters as shown in Table 3-5. 
Please note that we assume total electricity consumption in period t, average spot fuel 
oil price in period t, average peak pool prices in period t, and average off-peak pool 
prices in period t all follow normal distributions in order to estimate the parameters. It 
can also be assumed to follow other distributions and different values of parameter 
will be obtained. It can be seen that the expected values of peak pool prices and off-
peak pool prices are not significantly different, and their variance are the same. 
However, they could be quite different given market data in another time frame, 
depending on supply and demand relationship and many other factors. Therefore, we 
consider them separately instead of using a single average half-hourly pool price to 
estimate the electricity cost of pool-price-based contract. 
                                               
5
 Market prices are downloadable from the website http://www.emcsg.com  
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Table 3-5 Input parameters 
Symbol Value  Symbol Value 
1
tp  0.205  tl  
10000 
2
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  0.5  ,cov
t
f p  
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3.4.1  Efficient frontier 
The single period portfolio model can be solved with Matlab. Given a certain risk 
aversion coefficient λ, the global optimal contract portfolio can be found, with its 
associated total expected cost and standard deviation. By varying λ, we can obtain 
another optimal contract portfolio and its corresponding total expected cost and 
standard deviation. To plot these pairs of total expected cost and variance in the 
mean-standard deviation space, we obtain the efficient frontier as shown below in 
Figure 3-4. Each point on the curve corresponds to a certain risk aversion coefficient, 
and denotes an efficient portfolio. A portfolio P is efficient if and only if it meets the 
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following conditions (Markowitz, 1991): (1) P satisfies the constraints; (2) no 
portfolio can have smaller variance than P given the same or smaller total expected 
cost; and (3) no portfolio can have smaller total expected cost than P given the same 
or smaller variance. From the figure we can see, 
1P , 2P , and 3P  all represent an 
efficient portfolio individually, where 
1P  gives the smallest standard deviation, i.e. 
variance and largest total expected cost; 
3P  gives the smallest total expected cost and 
largest variance; and 
2P  provides a trade-off between total expected cost and variance. 
In classical portfolio model, the objective is to maximize the total profit as well as 
minimize the risk. These two objectives are usually conflicting; larger expected profit 
may indicate larger variance and vice versa. Thus the classical efficient frontier is 
convex. In our problem, we are trying to minimize the expected cost and the risk, thus 
the efficient frontier is concave.  
 
Figure 3-4 Efficient frontier in Mean-Variance space 
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3.4.2  Risk aversion coefficient 
λ is  the risk aversion coefficient as an indicator of consumers’ risk preference. 
Smaller λ indicates that the consumer is less risk-aversive. In other words, he/she is 
willing to take more risk for possible less cost. It is natural that if λ becomes larger, 
the proportion of relatively risky contract will increase, which is evidenced by the plot 
below (Figure 3-5). 
 
Figure 3-5 Optimal contract portfolio under different risk aversion coefficient 
As mentioned in Chapter 1, for fixed-rate contracts, consumers can choose either 
single-fixed-rate contract, or double-fixed-rate contract. For single-fixed-rate contract, 
the electricity price is constant all day within the contractual period; for double-fixed-
rate contract, a higher electricity price is applied for peak periods and a lower 
electricity price is applied for off-peak period within a day. In this chapter, we 
separate fixed-rate contract into these two types to investigate the differences between 
them. Contract 1, 2, 3, 4, and 5 are correspondingly single-fixed-rate contract, double-
fixed-rate contract, discount-off-tariff contract, fuel-indexed-rate contract and pool-
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price-based contract. The total expected cost is decreasing in this order whereas the 
variance of the total expected cost is increasing. From Figure 3-5 we can see, under 
small λ, the weight of contract 4, and 5, correspondingly fuel-indexed-rate contract 
and pool-price-based contract constitute large proportion in the optimal contract 
portfolio. This result is quite intuitive. Although these two contracts have smaller 
expected cost, the risks associated with them are also larger. Therefore, for less 
conservative consumers who have small risk aversion coefficient, these two contracts 
may be favoured and share some portions in the optimal contract portfolio. For those 
conservative consumers with large risk aversion coefficient, the weights of these two 
contracts would become less.  
We further investigate the impact of some parameters on the optimal expected cost 
and corresponding contract portfolio using computational results. 
3.4.3  Load profile 
In Figure 3-6, it can be observed that, the total cost increases when demand volatility 
(measured by the standard deviation of total demand in a single period) increases.  
 
Figure 3-6 Effect of demand volatility on optimal total cost 
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We can also see from Figure 3-7 that, if the ratio of the peak demand to total demand 
increases, the efficient frontier moves upwards, which means that efficient portfolio 
has larger variance at the same total expected cost, or the efficient portfolio has larger 
total expected cost with the same variance. In other words, the efficient portfolio 
deteriorates along with the increase of the ratio of the peak demand to total demand. 
The reason is that, in most contracts, the electricity price for off-peak load is much 
smaller than the corresponding price for peak load. With the same total demand but 
heavier demand in peak period, a larger proportion of electricity is paid at higher rate, 
resulting in larger total cost. In the case that consumers are offered some rewards 
from shifting a certain amount of load from peak periods to off-peak periods, if the 
savings from shifting load overweight the cost of load shifting, consumers are 
motivated to shift their electricity load accordingly, which can ease the pressure of 
generators of meeting the demand in peak hours. This is one of the topics in demand-
side management, which is beyond the scope of our research. 
 
Figure 3-7 Efficient frontier and peak demand ratio δ 
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3.4.4  Fuel oil price volatility 
As shown in Figure 3-8, generally speaking the effect of fuel oil price volatility on the 
optimal expected total cost is negative. It can be further decomposed into three phases. 
In general the fuel-indexed contract and pool-price-based contracts would offer more 
attractive prices than other contracts since they expose consumers to larger 
uncertainties. When the fuel oil price volatility is smaller than a certain value, as long 
as the “savings” in expected costs can outweigh the “loss” in variance of the cost, 
these two contracts (or one of them) are the only contract(s) selected. Therefore the 
volatility does not change the expected total cost. At a certain point when the 
volatility increases to an extent that the “savings” in expect costs cannot offset the 
“loss” in variance of the cost, other contracts start to take share to hedge against the 
volatility, and their portions increase along with the increase of fuel oil price volatility. 
Since the weights of fuel-index contract and pool-price-based contract decrease and 
the weights of other contracts increase, the expected cost will increase 
correspondingly. When the fuel oil price volatility increases to a certain value, only 
fixed-rate contracts will be selected. Thus in the third phase the expected cost will 
remain the same when the fuel oil price volatility increases.   




Figure 3-8 Effect of fuel oil price volatility on optimal total cost 
3.4.5  Pool price volatility 
Here we simply assume the variance of the peak pool price and the variance of the off 
peak pool price are the same and moving in the same direction. We can see from 
Figure 3-9 that larger variability in pool prices also leads to larger expected cost under 
the same risk aversion coefficient. 
It can be seen from the sensitivity analysis that the optimal solution is quite sensitive 
to these input parameters. Small estimation errors may significantly change the 
optimal solution. Therefore, the precision of the estimate of these parameters is of 
great importance. This relies on the completeness of data and careful selection of 
estimation methods, which are beyond the scope of our study.  




Figure 3-9 Effect of pool price volatility on optimal total cost 
3.5  Limitations and conclusions 
In this chapter, the major contributions in this chapter include: 
(1) Electricity contract selection problem is modeled as a single-period decision 
making problem using mean-Variance framework adopted from portfolio 
theory. Three alternative but equivalent formulations are discussed, among 
which risk aversion formulation is chosen, and KKT conditions are derived for 
this formulation.  
(2) Input parameters are carefully estimated based on historical data, and 
numerical experiments are performed to investigate the effects of different 
parameters on the optimal solution. Efficient frontier is derived by solving the 
problem with different risk aversion coefficient. Sensitivity analysis results 
show that given the same risk aversion coefficient, the demand volatility, the 
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pool price volatility, and the fuel oil price volatility have negative impact on 
the optimal total cost. 
There are some limitations for the single-period model that developed in this chapter. 
To sum up, the limitations include: 
(1) For simplicity reason we assume that the consumer’s load profile is 
independent of electricity prices. In reality, a consumer may be price sensitive 
and to some extent adjust its consumption along with the movement of 
electricity prices, resulting in correlation in load profile and electricity prices. 
(2) As aforementioned, when considering the electricity cost for pool-price-based 
contract, vesting hedge portion is not a constant and has different values for 
different sub-periods within a day, whereas we assume a constant as an 
approximation. And also we use average daily peak pool prices and daily off-
peak pool prices instead of half-hourly pool prices to model the electricity 
pool price movements. With carefully chosen parameters, we believe that we 
can still capture the big picture of pool-price-based contract cost. 
(3) Variance, as a well-known and widely-applied risk measure, is chosen for this 
single-period model for simplicity reason. However, for it is a symmetric risk 
measure, it may not reflect consumers’ risk concern. We will discuss more on 
the next chapter, and employ CVaR as risk measure for a comparison. 
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Chapter 4: Multi-period Contract Selection Problem 
In this chapter, the contract selection problem is formulated as a multi-period 
stochastic programming model, and the selection of oil forecasting models is 
discussed. Subsequently, scenario tree construction method is employed to discretize 
and represent the uncertainties and relax the stochastic programming model to a 
deterministic programming model. In the end, numerical experiments are performed 
and the results of sensitivity analysis are provided. 
4.1  Decision framework 
In practice, once a consumer selects a fixed-rate contract, no changes can be made 
throughout the contractual length for this portion of consumption. However, the 
consumer may still choose to sign a fixed-rate contract for the remaining portion of 
consumption. In other words, fixed-rate contract’s weights are non-decreasing. 
Consumers under other contracts are allowed to change contracts on a quarterly basis 
within the contractual length. That is to say, after selecting a contract portfolio at the 
beginning of decision making process, consumers can adjust their decisions within the 
contract period. For example, a consumer may choose a fuel-indexed-contract for a 
year. Before the second quarter of the contractual period starts, the consumer may 
decide to change to 50% of consumption on the fuel-indexed-contract, and the 
remaining 50% of consumption on a fixed-rate contract with effective from the 
second quarter. Therefore, we consider a multi-period decision framework to 
investigate the accumulating effects of decision-making. In this decision framework, 
the first period decision is the implementable policy. As time passes by, new 
information will reveal gradually. When the second period realizes, we solve a new 
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problem instance by shifting the problem one period ahead and reducing the length of 
the problem by one period in the end. It should be pointed out that, the length of 
electricity contracts is usually not shorter than one year. If we consider the whole 
contractual period as one single period, and make decision for this single period, we 
miss the opportunity of adjusting contract weights in accordance with market price 
movements to minimize the total electricity cost. If we consider a quarter as a single 
period and solve the decision-making problem for this single period, due to the 
aforementioned non-decreasing weight constraints for fixed-rate contracts, the 
decision may have negative impact for the remaining contractual period. Therefore, 
multi-period decision-making is considered to perform better than the decision only 
considering one period, in the sense that it anticipates future decisions and uncertainty. 
The decision making process is shown in Figure 4-1.  
 
Figure 4-1 Decision making and information revealing process 
The objective of decision making is to minimize the electricity cost in the decision-
making period taking into account of the consumer’s risk preference. The consumer’s 
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risk preference is captured by incorporating Conditional-Value-at-Risk (CVaR) into 
the objective function. There are several reasons for choosing CVaR over variance for 
multi-period formulation: 1) In single-period model, we formulate the uncertainties by 
assuming certain distributions. In multi-period model, in order to capture the 
correlation of these uncertainties in different periods, we adopt a scenario generation 
approach to ease the computation. In this context, CVaR is more suitable since it can 
be formulated as a linear programming model so that it can be incorporated into the 
multi-period model, whereas employing variance will result in large computation 
complexity. 2) As discussed in Chapter 2, CVaR as a downside risk measure, which is 
more suitable for consumers are only concerned with the risk when the cost goes 
higher than the expected cost, whereas variance is a symmetric risk measure that 
emphasizes both side of risks. 
CVaR is closely related to VaR. As aforementioned, VaR, defined as the maximum 
loss at a certain confidence level α as shown in (4.1), whereas CVaR is defined as the 
expected loss of the worst cases given a confidence level α, as shown in  (4.2). 
inf{ : ( ) 1 }
:   confidence level
:   total loss




    
  (4.1)   
[ | ]CVaR C C VaR      (4.2) 
The value of CVaR in a certain period t  can be obtained by solving a linear 
programming model as shown in (4.3) for a discrete case with finite realization of 
uncertainties (Rockafellar and Uryasev, 2002). To interpret it, CVaR in period t   is 
the optimal objective value of the linear programming model in (4.3); and the 
auxiliary variable t  is the corresponding VaR. This linear programming model can 
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be easily incorporated into the main model, which is one of the main advantages of 
CVaR. 
1
( ( ) ( ))
(1 )
. .      ( ( ) ( )) ( )  0;
           ( )                          0;             
t t





s t r w

    
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    
  

  (4.3) 
Different contracts have different risk characteristics; contracts with lower expected 
cost may expose the consumer to higher risk. Therefore, it is natural to employ a 
portfolio approach in order to achieve the trade-off between the cost and the risk. 
Mean-CVaR formulation is employed, as shown in (4.4). The risk is considered 
together with the expected cost in the objective function, with the risk aversion 
coefficient   quantifying the consumer’s risk attitude. Small risk aversion coefficient 
indicates the consumer is risk-seeking, whereas large coefficient indicates the 
consumer is risk averse.   
[Total Cost]     Min E CVaR   (4.4)  
In order to assess the risk within the intermediate periods, we consider CVaR in each 
single period instead of the aggregate CVaR which measures the risk of the terminal 
value, in this case referring to the overall total electricity cost in the planning horizon. 
Though we try to minimize the total cost for the overall planning horizon, a 
particularly high CVaR in a certain quarter might result in high electricity cost in this 
quarter and pressure the consumer for higher cash outflow. To avoid this cash flow 
shortfall problem, an upper limit of CVaR can be imposed into each intermediate 
period. 
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4.2  Problem formulation 
In this formulation, we employ a Mean-CVaR framework, which integrate the 
consideration of risk in the objective function with a risk aversion coefficient . As 
discussed before, the CVaR value can be estimated by solving a minimization linear 
program. We adopt scenario tree method to estimate underlying random processes, 
and then relax the stochastic programming model to a deterministic linear 
programming model. Therefore, the objective function is as follows: 
    E[Total electricity cost]+
1
      [ ( ) ( ( ) ( ))] [ ( ( ) ( )]
1
t t t t
b b





         
    

    

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  (4.5) 
The constraints of the CVaR are listed as follows, while the first two constraints are to 
solve the linear programming model to obtain the value of CVaR, and the last 
constraint is to specify an upper limit for CVaR to avoid liquidity problem. 
( ( ) ( )) ( )   0;  ,
( )                                       0;  ,
1
[ ( ) ( )] 0;   
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The integrity constraints on the decision variables: 
( ) 1  0;  ,  
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
  (4.7) 
In the context of Singapore electricity market, consumers choosing fixed-rate 
contracts are not allowed to shift out within the decision making period. In other 
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words, fixed-rate contract has a non-decreasing weight. Therefore, the following three 
constraints are tailored to specify this requirement: 
1( ) ( ) 0;  , , 1,2 t tb bw w t T b  
          (4.8) 
A very important characteristic of multi-period stochastic programming model is the 
inclusion of non-anticipativity constraints, which enforce that decisions at certain 
period cannot be dependent on the information revealed after that period (Shapiro et 
al., 2009). Following are the non-anticipativity constraints, which require that 
scenarios which share the same history up to period t should result in same decisions 
in period t.  
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 (4.9) 
Analogously, we also have the constraints on the total electricity cost of a contract 
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4.3  Oil price forecasting model selection 
In this section, oil price model selection is addressed. Firstly, commonly employed oil 
price models including Geometric Brownian Motion (GBM) and Mean Reversion 
(MR) are reviewed. Secondly, two types of model selection criteria are introduced. In 
the end, the procedure of selecting an appropriate oil price models in our context is 
discussed. 
4.3.1  Oil price forecasting models 
As reviewed in Chapter 2, there are several different types of fuel oil price forecasting 
models. For the reason of data availability, we choose time series model which 
assume that the information of spot fuel oil prices is embedded in the historical fuel 
oil prices. In addition to the classical time series models, two commonly adopted 
models of this type are Geometric Brownian Motion (GBM) and Mean Reversion 
(MR). In this sub-section, we introduce the definition and the comparison of these 
three models. 
(1) Time series models (ARMA/GARCH) 
Classical time series models refer to Autoregressive moving average model (ARMA), 
which has the underlying assumption that the variance of the error terms is constant 
(Box and Jenkins, 1994). Generalized Autoregressive conditional heteroskedasticity 
model (GARCH) is proposed to relax this assumption by assuming the variance of the 
current error term follows ARMA models (Bollerslev, 1986). The formulation is as 
follows. ARMA model is used for modelling the mean, and GARCH model is used to 
model the variance.  
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  (4.11)  
(2) Geometric Brownian Motion (GBM) 
GBM is a continuous-time stochastic process characterized in (4.12), in which the 
logarithm of the change follows Brownian motion (Øksendal, 2003).  
:   the change of  in a small time interval 
:      the expected rate of return per unit of time
:      the volatility of the return
:     Brownian motion
t t t t
t
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(3) Mean Reversion (MR) 
MR is a stochastic process characterized in (4.13), in which it is assumed there exists 
a long-term mean (Øksendal, 2003).  
( )
:   the change of  in a small time interval 
:      the speed of reversion
:       the average of S
:      the volatility of S












 (4.13)  
To model fuel oil prices, GBM and MR are chosen more often than classical time 
series models. GBM is often selected for its simplicity; there are only two parameters 
to be estimated. However, under this model, it indicates that the oil price can reach 
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any unrealistic level, which is not true. MR is also commonly used, due to some 
decision-makers’ subjective belief of a long-term tendency.  
4.3.2  Model selection criteria 
In this section, two types of commonly employed model selection criteria are 
reviewed: error-based criteria and information-based criteria. The first type, error-
based model selection criteria mainly include Mean Square Error (MSE) or Root 
Mean Square Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute 
Percentage Error (MAPE). The origins, the formula of these model selection criteria 
and their advantages and disadvantages can be found in Appendix AAppendix A:. 
In addition to the error-based criteria, the other major type of model selection criteria 
is information based, which mainly include Kullback-Leibler information (Kullback 
and Leibler, 1951), Akaike Information Criterion (AIC) (Akaike, 1973), and Bayesian 
Information Criterion (BIC). Details can also be found in Appendix A:. 
We intend to perform model selection in three steps: (1) to perform the preliminary 
data analysis to investigate the seasonal effect, autocorrelation and ARCH effect of 
the data series; (2) to decide the lags for ARMA/GARCH models; and (3) to compare 
the champion ARMA/GARCH model from the previous step with MR and GBM. In 
the first step, we perform Ljung-Box-Pierce test, i.e. portmanteau test (Box and 
Jenkins, 1994), and Eagle’s Lagrange Multiplier’s test. In the second step, we employ 
AICc as the criterion. In the third step, we employ RMSE, MAE as the criteria. AICc 
is selected instead of AIC in the second step since it corrects the poor behavior of AIC 
for small sample size, although in our case these two criteria yield the same result. 
BIC is not selected since there may not exist a “true model” in our case. MAPE is not 
selected for its two drawbacks as discussed in Appendix A. As discussed above, the 
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error-based criteria tend to drop when more variables are added; therefore it is not 
suitable to be used in the second step. It should also be noted that, to employ these 
criteria does not mean to simply compute them and select the champion; close 
attention should be paid to the problem of over-fitting and the outliers in the sample. 
4.3.3  Model selection procedure 
We now employ the abovementioned model selection criteria to select among the 
available oil price forecasting models discussed above. The preliminary data analysis 
is performed to investigate the seasonal effect, autocorrelation effect, and ARCH 
effect of the data series, and the results are shown in Appendix B:. A yearly upper 
trend can be seen; however, there is no monthly effect can be detected. For monthly 
returns, both autocorrelation and ARCH effect are statistical significant; for quarterly 
return, these two effect are not so significant. 
(1)  Model Selection 
We first attempt to select among ARMA/GARCH models, in other words, to decide 
the lags. Since there is no evidence of seasonal effect, we consider ARMA models up 
to two lags and GARCH model up to one lag. As aforementioned, AICc is selected as 
the criterion to compare the models. Both quarterly and monthly HSFO prices are 
used for model comparison, and the results are shown in Table 4-1.  
At the first glance, ARMA (1, 2), GARCH (1, 1) has the smallest AICc value for 
monthly data, and ARMA (2, 2), GARCH (0, 0) has the smallest AICc value for 
quarterly data; however, the differences are not so significant. 
 
Chapter 4: Multi-period Contract Selection Problem 
54 
 
Table 4-1 AICc for time series models 
No. Model # Parameters AICc 
Monthly Quarterly 
1 ARMA (0, 1), GARCH (0, 0) 3 -395.89 -62.60 
2 ARMA (0, 2), GARCH (0, 0) 4 -406.39 -61.16 
3 ARMA (1, 0), GARCH (0, 0) 3 -378.94 -62.57 
4 ARMA (1, 1), GARCH (0, 0) 4 -401.92 -60.59 
5 ARMA (1, 2), GARCH (0, 0) 5 -407.56 -59.53 
6 ARMA (2, 0), GARCH (0, 0) 4 -401.52 -61.38 
7 ARMA (2, 1), GARCH (0, 0) 5 -403.73 -59.11 
8 ARMA (2, 2), GARCH (0, 0) 6 -405.60 -63.80 
9 ARMA (0, 0), GARCH (1, 1) 4 -397.80 -61.45 
10 ARMA (0, 1), GARCH (1, 1) 5 -425.87 -59.37 
11 ARMA (0, 2), GARCH (1, 1) 6 -430.39 -57.60 
12 ARMA (1, 0), GARCH (1, 1) 5 -412.57 -59.33 
13 ARMA (1, 1), GARCH (1, 1) 6 -428.06 -57.19 
14 ARMA (1, 2), GARCH (1, 1) 7 -431.61 -55.70 
15 ARMA (2, 0), GARCH (1, 1) 6 -428.48 -57.77 
16 ARMA (2, 1), GARCH (1, 1) 7 -428.33 -55.38 
17 ARMA (2, 2), GARCH (1, 1) 8 -429.59 -61.53 
 
It can be seen that, for monthly data, the GARCH effect is significant, since generally 
the models with GARCH effect have smaller AICc comparing with the models 
without GARCH effect. It evidences the existence of GARCH effect for monthly data 
series. This is the opposite case for quarterly data, which implies that the GARCH 
effect is not significant for quarterly data series. It can also be seen that, for the 
monthly data, with one exception, the models with six, seven and eight parameters 
form a “group” of quite close AICc value, within which the 7-parameteric model 
ARMA (1, 2), GARCH (1, 1) has the smallest AICc. It can also be seen that, the 5-
parametric model ARMA (0, 1), GARCH (1, 1) has a very close value to this group. 
Considering the drawbacks of having more parameters and the slight differences 
between the two models, it may be more appropriate to select ARMA (0, 1), GARCH 
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(1, 1).  For the quarterly data, the 6-parametric model ARMA (2, 2), GARCH (0, 0) 
outperforms other models. However, it can also be seen that the two 3-parametric 
models (ARMA (1, 0), GARCH (0, 0) and ARMA (0, 1), GARCH (0, 0)) have quite 
close AICc value comparing with it. Similarly, considering the drawbacks of having 
too many parameters and the slight differences, it may also be reasonable to select the 
two 3-parametric models. 
In summary, through this procedure of selecting among time series model, for the 
monthly data, ARMA (1, 2), GARCH (1, 1) and ARMA (0, 1), GARCH (1, 1) are 
selected for further investigation; for the quarterly data, ARMA (2, 2), ARMA (1, 0), 
and ARMA (0, 1) (GARCH (0, 0) for the three) are selected for further investigation. 
In the following step, we compare the above models with GBM and MR using RMSE, 
and MAE. It should be noted that, since the forecasting period in the context of our 
problem is one year, we focus on the 12-mth ahead (or 4-quarter ahead) out-of-sample 
forecasting performances of the models. For the monthly data, the results for the out-
of-sample RMSE and MAE are listed in Table 4-2. For the quarterly data, the results 
are shown in Table 4-3. From the result, it can be seen that MR results significantly 
smaller forecasting errors than any other forecasting methods. Therefore, we choose 
MR as the forecasting method.  
Table 4-2 Out-of-sample (12-mth ahead) model comparison for monthly data 
No. Model # Parameters  Criteria 
RMSE 2( 10 )  MAE 2( 10 )  
1 ARMA (0, 1), GARCH (1, 1) 5 6.65 5.54 
2 ARMA (1, 2), GARCH (1, 1) 7 6.76 5.61 
3 GBM 
 
2 6.47 5.21 
4 MR 3 4.86 4.57 
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Table 4-3 Out-of-sample (4-quarter ahead) model comparison for quarterly data 
No. Model # Parameters Criteria 
RMSE 2( 10 )  MAE 2( 10 )  
1 ARMA (0, 1), GARCH (0, 0) 3 8.69 8.26 
2 ARMA (1, 0), GARCH (0, 0) 3 8.97 8.54 
3 ARMA (2, 2), GARCH (0, 0) 6 10.85 10.17 
4 GBM 2 12.05 11.17 
5 MR 3 5.73 5.56 
 
4.4  Characterizing Other Uncertainties 
There are some other uncertainties in the decision making process, including the 
forward fuel oil prices, the electricity loads, and the pool prices. The methodologies of 
tackling these uncertainties are illustrated below. 
4.4.1  Forward fuel oil prices 
In Singapore electricity, besides the spot oil prices, another important oil price is the 
one-quarter-ahead forward prices, which are the dominant indicators of the electricity 
tariff. As shown in the previous chapter, there is strong positive correlation between 
these two prices. Therefore, we use spot oil prices as an approximation to the forward 
oil prices.  
4.4.2  Load profile 
There are other uncertainties involved in our decision making process, which are the 
pool prices, and the consumer’s demand. For the consumer’s demand, the available 
data sets contain a certain consumer’s three-year half-hourly consumption data. It can 
be seen from the historical data that, usually for a certain consumer the load profile 
usually follows a certain pattern and repeats it periodically, e.g. weekly. The 
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correlation of load profile with electricity pool prices can be quite different from one 
consumer to another, depending on the characteristics of the industry/business. For 
simplicity reason, we assume that the load is independent from electricity prices. In 
Singapore electricity market, the half-hour sub-periods are categorized into peak 
periods (23:00 PM to 7:00 AM) and off-peak periods (7:00 AM to 23:00 PM). Clearly 
along with the expansion of the production/business, the demand of the consumer 
may grow. We then partition the consumer’s electricity demand into peak load and 
off-peak load, and use Auto-Regressive (AR) model with an increasing trend to model 
the demand. The daily average peak load and daily average off-peak load are 
modelled by AR (7) models with parameters for the one to six lags fixed to 0 together 
with a growth rate. This is evidenced by the strong autocorrelation of lag 7, which 
indicates the day-of-week effect. The model for daily average peak load in half-hourly 
peak periods is described in (4.14). Similarly we can formulate the daily average off-
peak load. It should be noted that, for simplicity reason, we assume peak load and off-
peak load are independent, and this may not be true in reality.  
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A sample path of simulated peak load in one quarter is shown in Figure 4-2. 
There is an upper trend for the existence of the growth factor. 




Figure 4-2 Simulated peak load in one quarter 
4.4.3  Pool prices 
In Singapore electricity spot market, vesting contracts are imposed to specify that a 
certain proportion of electricity should be transacted at a pre-determined price. In 
other word, pool prices are hedged or adjusted by hedging prices specified by the 
vesting contracts. The existence of vesting contracts invalidates the effort of 
modelling pool prices directly and motivates us to model the adjusted pool prices. In 
accordance of the approach of modelling peak and off-peak demand, we model the 
peak and off-peak adjusted pool prices. Strong auto-correlation is detected by auto-
correlation tests. Another point worth noting is that the average quarterly adjusted 
pool prices are strongly correlated to the corresponding forward fuel oil prices, as 
shown in Figure 4-3.  




Figure 4-3 The relationship of average pool prices and forward fuel oil prices 
Inspired by these two characteristics, we propose the following pool price models in 
(4.15). tp  is determined by linear relationship of average quarterly pool prices and 
the corresponding forward fuel oil prices, whereas other parameters including the 
variance of the error term are inferred from the historical data. Given the forecasted 
spot fuel oil prices, we can generate spot prices trajectories by randomly sampling the 
error term.  
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There are some other methods to model the pool prices. However, they are not 
considered since this paper aims to provide a decision framework for contract 
selection, and does not focus on accurately modelling pool prices. 
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4.5  Scenario tree construction 
4.5.1  Scenario tree construction procedure 
As discussed in the previous section, the stochastic processes considered in our model 
include: spot fuel oil prices, forward fuel oil prices, electricity pool prices, and the 
consumer’s load demand. In order to resolve these uncertainties, a scenario tree which 
can approximate the distribution of these stochastic processes needs to be developed. 
However, these processes have different time scales: the former two have a coarse 
time scale, for example, one quarter; whereas the latter two have a fine time scale, for 
example, half hour. In this case, it is not efficient to develop the multivariate scenario 
tree in the same time scale. We adopt a two-pronged approach, proposed in (Sen et al., 
2006), by which it means that the scenario tree is built upon two time scales: a 
scenario tree containing the information of spot fuel oil prices in each period is 
developed, and within each period the trajectories of pool prices and the load profile 
are simulated using econometric models illustrate above. This approach can maintain 
the simplicity of the scenario tree whereas capture the daily movement of the pool 
prices and demand.  
In the scenario tree, each scenario can be viewed as a certain realization of the 
stochastic data process. It is clear that the number of scenarios should be large enough 
to form a reasonable approximation. In the meantime, the number of scenarios should 
be small enough for the reason of computational complexity.  
The procedure of scenario tree construction usually involve in three steps:  
(1) Decide the statistical model or historical data processes used to describe the 
stochastic data process involved in the stochastic programming model. 
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(2) Generate a sufficiently large number of scenarios from the statistical model 
which can serve as a reasonable approximation of the statistical model. The 
common approaches of constructing scenarios include bounding techniques, 
Monte Carlo samplings, moment matching and some other techniques 
(Heitsch and Romisch 2005).  
(3) If necessary, use some scenario reduction techniques to reduce the size of 
scenarios and make the stochastic programming model mathematically 
tractable.  
4.5.2  Scenario generation 
As for the first step in the abovementioned tree construction procedure, in our 
problem, the major uncertainty is the fuel oil price, which we have chosen Mean 
Reversion model to describe the movement. The parameters are estimated by 
Maximum Likelihood Estimation (MLE).  
In the second step, the common approaches of constructing scenarios including: (1) 
bounding techniques; (2) constructing methods; (3) Monte Carlo samplings; (4) 
moment matching principles; (4) optimal approximations based on probabilistic 
metrics; and (5) the use of integration of quadratures (Heitsch and Romisch 2005). 
To proceed with the second step, we choose Monte Carlo sampling to generate a 
sufficiently large number of scenarios for its simplicity. The simulated 1000 sample 
paths of quarterly spot fuel oil prices are shown in Figure 4-4. 




Figure 4-4 Simulated sample paths of fuel oil prices 
4.5.3  Scenario reduction 
In the third step, we use conditional clustering method proposed in (Latorre et al., 
2007) to construct the scenario trees. Details of the procedure can be found in the 
paper. 
The procedure of conditional clustering method is as below. 
(1) A subset of the sample paths generated in step 2 is chosen, and an upper limit 
of branches in each period is pre-specified. 
(2) A sample path randomly selected from the remaining sample paths in the set is 
chosen, and the closest sample path in the subset is identified. 
(3) The first period where the scenarios have not reached the upper limit is chosen 
to be the period where the new sample path branches. 
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(4) The new sample path is grouped with the closest scenarios and the 
probabilities are recalculated. 
(5) Return back to step (2) until all the remaining sample paths are integrated into 
the scenario trees.  
One worth noting point is there are different ways of measuring the distance of the 
two sample paths (Romisch, 2009). We choose to use Euclidean distance.  This 
method develops the tree by iteratively fitting the sample paths at the best position in 
the growing tree. However, since the series are chosen randomly to build the tree, in 
some cases there may not be so many branches in the final tree. However, the authors 
argue that this can be overcome by setting wide enough upper branching limits. 
Scenario trees generated with maximum 16 branches and maximum 81 branches are 
shown in  
Figure 4-5 and Figure 4-6 for illustration. It should be noted that the probability of the 
nodes in each period is not necessarily evenly distributed. When solving the stochastic 
programming model, under the condition of mathematical tractability, we intend to set 
the upper branching limit as large as possible, in order to minimize the information 
loss during the construction of scenario tree (Dupacová et al., 2002). 




Figure 4-5 Scenario trees with 16 branches 
 
Figure 4-6 Scenario trees with 81 branches 
4.6  Numerical analysis   
In this section, numerical analysis is performed to investigate the proposed multi-
period model in the previous section. Similar to single-period model, the efficient 
frontier is obtained, by varying the risk aversion coefficient. Subsequently, sensitivity 
analysis is performed to investigate the impacts of significance level, fuel oil price 
volatility and consumer’s load profile on the optimal solutions of our model.  
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4.6.1  Efficient frontier 
Similar to Mean-Variance formulation, using Mean-CVaR framework, efficient 
frontier can be plot in the Mean-CVaR space. By varying risk aversion coefficient β 
and solving the problem iteratively, we can obtain pairs of total expected cost and 
CVaR corresponding to each optimal solution. Each pair of total expected cost and 
CVaR can be plot as a point in the Mean-CVaR space, and all of them form the 
efficient frontier, as shown in Figure 4-7. The risk aversion coefficient increases along 
with the points on the curve from right to left. When the risk aversion coefficient is 
small, in other words, the consumer is willing to take a certain degree of risk in 
exchange of lower total expected cost, the consumer will choose more risky contract 
portfolio, which results in higher CVaR and lower total expected cost. As risk 
aversion coefficient increases, the weights of more risky contracts decrease, and the 
weights of less risky contracts increase. The efficient frontier ends at the point with 
total expected cost and CVaR of the same value, which means that fixed-rate-contract 
is selected with weight 1. This is consistent with the result of single-period model. 
 
Figure 4-7 Efficient Frontier in Mean-CVaR space 
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4.6.2  Significance level 
In the formulation of CVaR, (1-α) is the significance level, which is defined as the 
probability that total expected cost exceeds VaR. It can also be viewed as an indicator 
of risk preference in addition to risk aversion coefficient β. Lower significance level 
results in higher critical value, in our case, VaR. In other words, the lower 
significance level, the more conservative the consumer is. Therefore, when α 
increases, given the same contract portfolio, VaR and CVaR will increase, resulting in 
higher optimal objective value. It is evidenced by the plot below (Figure 4-8). When α  
is close to 1, CVaR and the optimal objective value remain the same. This is for the 
reason that, in the case that the worst case scenario’s probability is equal or larger 
than (1-α), CVaR and VaR equal to the total cost of the worst case scenario. It can 
also be seen that, mean slightly increases along with the decrease of significance level. 
The reason is, the smaller the significance level, the more risk averse the consumer is; 
total expected cost is thus increased to hedge against the risk. 
 
Figure 4-8 Effect of varying significance level 
We further investigate the impact of other input parameters on the optimal objective 
value and corresponding contract portfolio using computational results. 
Chapter 4: Multi-period Contract Selection Problem 
67 
 
4.6.3  Load volatility 
The effect of standard deviation of the load is investigated by varying the standard 
deviation of the error term in AR (7) model that characterizes the consumer’s load. 
The result is shown in Figure 4-9. It can be seen that no significant trend can be 
detected from the figure. However, the fluctuations increase along with the increase of 
load volatility. This could be explained as follows. For fixed-rate contract, Discount-
off-tariff contract, and fuel-indexed-contract, prices are not changed through a certain 
period. When the load volatility is varying, though the load in each period is subject 
to different scales of volatility, it affects the total cost for each contract proportionally 
to their prices.  
 
Figure 4-9 Effect of varying load volatility 
4.6.4  Fuel oil price volatility 
In our study, fuel oil price is modelled with mean reversion process, whose 
parameters are estimated using Maximum Likelihood Estimation. In this subsection, 
we intend to investigate the effect of mean reversion parameters, the speed of 
reversion η, the long-term average μ, and the volatility σ.  
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The effect of speed of reversion η is firstly investigated, and the result is shown in 
Figure 4-10. The experiment with replicates again reduces the fluctuations. It is 
obvious that optimal total expected cost does not change significantly with varying 
reversion speed; however, CVaR and the optimal objective value drops along with the 
increasing of reversion speed, and then climbs up slowly with it. The explanation is as 
follows. When the reversion speed increases from a small value, the fuel oil price 
reverts back to the long term average faster, and the oil volatility is smaller. Therefore 
the risk associated with constracts such as fuel-indexed-rate is also smaller. Thus the 
overall optimal objective value will drop along with increasing reversion speed. 
However, when the reversion speed hits too high, the moves of oil prices to the long 
term average tend to overshoot to the other side of long term average, which results in 
high volatility in fuel oil prices. Therefore, the optimal objective value decreases and 
then increases. 
 
Figure 4-10 Effect of fuel oil price reversion speed 
The effect of long term average μ is also studied, and the result is shown in Figure 
4-11. In general, the total expected cost, and CVaR increase with long term average μ. 
This is quite self-explanatory; the higher long term fuel oil prices, the larger cost and 
risk. There is a turning point, where the increasing speed slows down. The reason is 
that, ahead of this turning point, due to the small long term average, fuel-indexed 
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contract and discount-off-tariff contract offer more attractive prices and therefore 
consume most of the shares in the weight. When the long term average increases to a 
certain point, these two contracts are no longer dominant and fixed-rate contract starts 
to take share, which brings down CVaR for the reason that fixed-rate contract is risk 
free, as can be seen in the figure where the drop of CVaR occurs. This can also be 
evidenced by performing the same experiment under different fuel oil starting price. 
The larger starting price is, the earlier this turning point shows. 
 
Figure 4-11 Effect of long term average 
The effect of the volatility σ is also studied, and the result is shown in Figure 4-12. 
The result is quite straight forward. The high fuel oil price volatility is, the riskier 
non-fixed-rate contracts are, resulting in higher CVaR.  
 
Figure 4-12 Effect of fuel oil price volatility 
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4.7  Limitations and conclusions 
In this chapter, the contract selection problem is extended from single-period model to 
multi-period model, and the major contributions are listed below: 
(1) CVaR as a downside and coherent risk measure, is adopted in the model. It 
can better represent the consumer’s risk concern, and can be formulated as a 
linear programming model to be incorporated into the contract selection model.  
(2) Uncertainties such as the consumer’s load profile, electricity prices and fuel 
oil prices in the multiple periods are estimated by scenario generation and 
reduction techniques, and the stochastic programming model is thus 
approximated by a solvable deterministic linear programming model. 
(3) Numerical experiments are performed to investigate impacts of several 
parameters, such as significance level for CVaR, the load volatility, and the 
pool price volatility, and the results are consistent with single-period model. 
Inevitably, there are some limitations of our study, which include: 
(1) The consumer’s load profile are captured by modeling average daily peak load 
and average daily off-peak load, and these two are modeled disjointly without 
considering the correlation between them. Also, they are assumed to be 
independent from electricity price movements, which can be quite restrictive 
in the real life. 
(2) The quality of electricity price forecasting is highly dependent on quality of 
fuel oil price forecasting, and scenario tree generation and reduction method. 
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Therefore a more robust modeling approach is needed to mitigate the 
sensitivity to errors.  
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Chapter 5: Decision Support System for Consumers 
In this chapter, we present a decision support system developed based on the multi-
period model as discussed in Chapter 4, using Microsoft Excel VBA to help 
consumers decide the optimal contract portfolio. The motivation to develop the 
decision support system is firstly provided. Following that, the framework of the 
decision support system and the main functions it can fulfil are discussed. 
Subsequently, an illustrating example to demonstrate the application of the decision 
support system is shown. In the end, the chapter is concluded with the discussion of 
the advantages and limitations of the decision support system 
5.1  Motivation 
As pointed out in the first chapter, current research in electricity markets mainly takes 
the regulators and the suppliers’ perspective, including the effectiveness and 
efficiency of the regulatory framework, the suppliers’ unit commitment schedule. In 
addition to the theoretical models, it has been brought to attention that developing 
practical decision support systems for market participants in electricity markets is also 
important and challenging (Stoft, 2002). It can also be seen that some decision 
support systems are developed to aid the suppliers in production scheduling and 
power trading (Liang and Huang, 2000, Praca et al., 2003, Sueyoshi and Tadiparthi, 
2008). In contrast, fewer publications from the demand-side view can be found, the 
majority of which are on demand-side bidding (DSB). In Kirschen (2003), the author 
addresses several issues on how to benefit from a deregulated electricity market from 
the demand-side point of view, emphasizing the advantages of enhancing price 
elasticity. The author describes the functionality of several tools that consumers might 
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need, including the price forecasting tools, tools for production optimization, and 
tools for selecting the best contracts. However, to our best knowledge, no such tool 
for consumers can be found in the existing literature. 
Due to the aforementioned reasons, we are motivated to develop a decision support 
system to cater to the need of contestable consumers in Singapore electricity market.  
5.2  The decision support system  
In this section, we first present the framework of the decision support system, 
followed by the analysis on the relationship of electricity costs and fuel oil prices, 
which is the major dominant factor of electricity costs and the key parameters in our 
decision support system. In the end, the model utilized in this decision support system 
is discussed. 
5.2.1  The framework of the decision support system 
The purpose of the decision support system is to help a consumer evaluate available 
contracts quantitatively. In the process of developing the system, we attempt to reflect 
the reality of the market and take into consideration of the restrictions in practice. It is 
complex in terms of calculating the total electricity cost reflecting in electricity bills, 
for it contains several components in addition to the electricity cost. The components 
contained in electricity bills include: energy charges, transmission charges, Energy 
Market Company (EMC) charges, Market Support Services Licensee (MSSL) charges, 
and Vesting Contract Credits Debits (VCCD) charges. As aforementioned, vesting 
contract is a special feature in Singapore electricity market. It imposes the contractual 
obligation to large generation companies to sell a certain amount of electricity at a 
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pre-determined price in order to effectively hedge the volatility of pool prices. The 
formula to calculate VCCD is shown in (5.1), where tVCCD  is VCCD in period t ,   
is the vesting hedge portion, t
hp  is the hedge price in period t , 
t
sp  is the pool price in 
sub-period s  of period t , and ,t sl is the consumer’s demand in sub-period s of period 
t . In the decision support system, we capture this component forecasted from the 
historical data in order to estimate the real cost the consumer is going to pay. It is also 
worth noting that, the decision support system can also serve as a VCCD calculator.  
,[ ( ) ]t t t t sh s
s S
VCCD p p l

   
   
(5.1) 
We provide three types of electricity cost forecasts for consumers: (1) forecasts based 
on the most recent data; (2) forecasts based on the consumer’s view of the fuel oil 
price movement; and (3) forecasts based on different scenarios provided by the 
consumer. The static forecasts based on the most recent data provide the consumer a 
track-back or validation of the costs resulted from different contracts given the recent 
market situation. With the input of the consumer’s belief in the fuel oil movement in 
the forecasting period, the decision support system can provide the consumer 
deterministic forecasts of the costs of different contracts, with which the consumer 
can gain a quantitative view of different contracts in the decision making period. 
Uncertainties can also be considered; consumers can specify a number of possible 
scenarios. Given these scenarios, the decision support system can decide the optimal 
contract portfolio to minimize the electricity cost and the associated risk. Following 
the multi-period model in the previous chapter, the risk measure employed in our 
optimization model is Conditional-Value-at-Risk. More details are given in the next 
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Figure 5-1 The flow chart of the decision support system 
The decision support system contains the background information of the market, 
which includes the information of different contracts’ price forms, the historical pool 
prices, the calculation of VCCD, the linear relationship of the fuel oil prices and the 
electricity prices. With the input of newly available data, the background information 
can be automatically updated to accommodate to the changes of the market. To use 
the tool, the following inputs are required: (1) the consumer’s one-year half-hourly 
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forecasting period; (2) the consumer’s other information, for example, the tension 
category, to facilitate the calculation of the service costs; and (3) details of available 
contracts provided by retailers. Using the one-year consumption data is for the 
purpose of considering the seasonal effect of the consumer’s load profile; in addition, 
a load growth rate can be specified if the consumer expects its demand to grow in the 
forecasting period. 
To provide forecasts and optimal decisions under uncertainties, the input of scenarios 
with certain probabilities subject to the consumer’s belief is required. The forecasts 
can provide the consumer a quantitative evaluation on the effects of the oil price 
movements on the electricity costs; what is more, the optimization procedure can 
identify the optimal contract portfolio for the consumer under given scenarios. The 
forecasts are based on the relationship of electricity costs and fuel oil prices, which 
are illustrated in the next section. After that, the details of the optimization model are 
discussed in the following section.   
5.2.2  The relationship of electricity costs and fuel oil prices 
In order to forecast the electricity costs that are determined by the demand and the 
electricity prices, we start with the forecasts of the consumer’s demand. Different 
consumers may have different load profiles, depending on the industries. However, 
for a certain consumer, the load profile is believed to follow a certain pattern, though 
the total demand may grow together with the expansion of the business/production. 
This potential growth is captured in this decision support system by a growth rate 
specified by the consumer based on their expectation of their business/production in 
the forecasting period. The consumer’s peak and off-peak demand in the forecasting 
period is then estimated from the historical consumption data and this growth rate.   
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Forecasting electricity costs of different contracts given fuel oil price forecasts also 
requires modelling the relationship between electricity prices and fuel oil prices. It is 
straightforward for fixed-rate contracts and fuel-indexed contracts. As discussed 
above, for fixed-rate contracts, the electricity price remains constant within the 
contractual period; for fuel-indexed contracts, the electricity price is pegged to the 
movement of fuel oil prices and thus can be calculated directly based on the 
forecasted fuel oil prices. 
For discount-off-tariff contracts, the electricity tariff is published and revised 
quarterly to reflect the changes of fuel oil prices by EMA
6
. In order to forecast the 
electricity tariff, we analyze the relationship between the forward fuel oil price and 
the tariff, which has been conducted in the previous chapter. It is observed that there 
exists a strong positive correlation between the fuel oil prices and the peak and off-
peak tariff from all tension categories, which is shown in the previous chapter. This 
indicates that fuel oil price movements can adequately explain the movements of the 
tariff. Therefore, we utilize the linear relationship between the electricity tariff and the 
fuel oil prices to forecast the electricity based on the forecasts of the fuel oil prices. 
For pool-price-based contract, the difficulty lies in resolving the volatility of half-
hourly changing pool prices. Under the reasonable assumption that the consumer has 
constant half-hour peak-demand and off-peak-demand, the problem can be reduced to 
modelling the average electricity price for peak periods and off-peak periods. We then 
define δ as the ratio of peak demand to total demand. Given this ratio δ, we can 
                                               
6 Quarterly forward fuel oil price in the preceding quarter is used to determine the tariff for a certain 
quarter w.e.f. July 2009, instead of forward fuel oil price in the first month of the preceding quarter, as 
indicated in “Proposed changes to the electricity retail market and tariff”, published by EMA in 
February 2009. 
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calculate the quarterly average pool prices. It is found that, given δ, the quarterly 
average pool prices exhibit a strong positive correlation with the quarterly fuel oil 
prices through linear regression, though the linear regression parameters vary along 
with δ. For example, the linear relationship given δ=0.6 and δ=0.8 is shown in Figure 
5-2. Therefore, depending on the ratio δ calculated from the consumer’s load profile, 
we then estimate the quarterly average pool prices from the forecasted fuel oil prices 
based on the linear relationship. 
 
Figure 5-2 The linear relationship of quarterly average pool prices and fuel oil prices 
Another electricity bill component is the VCCD. The formula to calculate VCCD is 
discussed in the previous section. There are many factors affecting the value of 
VCCD, such as planned and unplanned outages of power generation units, the 
execution of market power, and some other factors may all result in price spikes. 
Currently there is no approach to exactly model the VCCD due to the randomness of 
these unpredictable factors. Therefore, we use the quarterly average VCCD obtained 
from the calculation using the historical yearly consumption data as the estimate of 
VCCD. 
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Through the analysis above, we are able to estimate the total electricity costs for 
different contracts given a certain scenario of fuel oil movement. By these estimated 
total electricity costs the consumer can obtain a quantitative view of different 
contracts under a certain scenario. To capture the uncertainties of fuel oil movements, 
more than one scenario need to be considered at the same time. The objective is to 
minimize the total electricity cost as well as the risk associated with the decision. Due 
to the reasons explained above, under this circumstance, a contract portfolio may be 
favoured. The optimization model to obtain the weights for different contracts in the 
optimal contract portfolio is discussed in the next section. 
5.2.3  The optimization model 
Given a certain scenario of oil price movements, the forecasted costs for different 
contracts are deterministic. Since the oil price movements are in fact unknown, the 
consumer is exposed to potential risk. Following the previous chapter, we employ 
Mean-CVaR framework, as shown in (5.2). The risk is considered together with the 
expected cost in the objective function, with the risk aversion coefficient λ 
quantifying the consumer’s risk attitude. Small risk aversion coefficient indicates the 
consumer is risk-seeking, whereas large coefficient indicates the consumer is risk 
averse.  
[Total Cost]Min E CVaR   (5.2) 
In order to reflect the reality of the market, we also take into account the restriction 
that once a consumer selects a fixed-rate contract, the weight of it cannot be decreased 
throughout the contractual length. Other than the fixed-rate contract, the consumer 
can revise the contract on a quarterly basis.  
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Given the input of a number of scenarios with associated probabilities, the stochastic 
programming model is then reduced to a linear programming model, which is solved 
by Excel Solver, to maintain the simplicity of the decision support system.        
5.3  An illustrative example 
In this section, we illustrate an example of the application of the decision support 
system for a certain consumer. The functions of the decision support system are 
demonstrated step-by-step with the snapshots of the user-friendly interface of the 
system. 
5.3.1    Input information 
The required basic input can be seen in Figure 5-3, including the one-year half-hourly 
consumption data, the potential growth rate of the demand, and some other profiles. 
The consumer’s demand is then estimated based on the given information. The input 
of the details of the available contracts is shown in Figure 5-4. It can be seen that the 
thorough electricity bill components are considered in the decision support system.  




Figure 5-3 The basic input of the consumer’s load profile 
 
Figure 5-4 A sample of contract details input 
Chapter 5: Decision Support System for Consumers 
82 
 
5.3.2    Forecasts based on most recent data 
The most recent information, such as tariff, pool prices, is accessible online, and can 
be easily updated in the decision support system. After the consumer provides the 
basic input as above, the decision support system can automatically generate the 
forecasts of electricity bills based on the most recent data. The result can provide the 
consumer a track-back or validation of the electricity costs. An example can be seen 
in Figure 5-5. It should be mentioned that the contract details listed in the example are 
only for the purpose of illustration. Four different contracts are considered for a 
certain consumer. From the calculation result, the consumer may be able to conclude 
that, under current market situation, Contract 3 results in lowest electricity cost.  
 
Figure 5-5 An illustration of forecasts based on most recent data 
5.3.3    Forecasts based on given scenarios 
Given the input of the consumer’s belief of the oil price movements in the forecasting 
period, e.g. one year, the costs for different contracts can be forecasted as shown in 
Figure 5-6. As we know that fuel oil price is the most important determinant for the 
electricity production cost, however, under different contracts, the effects of fuel oil 
price movements are reflected at different speeds. Therefore, a contract with 
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favourable price in a sub-period (e.g. month) may not be desirable in the next sub-
period due to the impact of oil price movement. 
 
Figure 5-6 An illustration of forecasts based on a given scenario 
A number of possible scenarios can also be considered. Similarly it requires the 
consumer’s input of its belief in the oil price movements.  
Figure 5-7 shows an example of the consumer’s input of the possible scenarios. The 
specified probability of a certain scenario reflects the consumer’s belief in the chance 
of the scenario. It is obvious that the probability of all scenarios should add up to 1.  
 
Figure 5-7 An illustration of the input of possible scenarios 
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The costs of different contracts under these scenarios are calculated. A contract 
resulting in the smallest cost under a certain scenario may not be desirable in case of 
another scenario, which is where the risk comes in. The optimization model is run to 
decide the optimal contract portfolio under these scenarios to minimize both the 
expected cost and the risk.  
Figure 5-8 shows the optimal result under the given scenarios. The first part of Figure 
5-8 shows the total electricity costs of different contracts under different scenarios. 
After the risk aversion coefficient λ is specified (in this example, λ=0.5), the optimal 
solution is shown in the second part of Figure 5-8. It should be pointed out that there 
can be more than one contracts selected with different weights assigned. The 
minimized expected electricity cost and the corresponding CVaR (with the confidence 
level α=0.9) resulting from the optimal contract portfolio are also shown in the figure.. 
CVaR can be interpreted as the electricity cost resulted from the optimal contract 
portfolio if the worst scenario for this contract portfolio occurs. 
 
Figure 5-8 An illustration of the optimal solution 
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5.4    Limitations and conclusions 
In summary, we provide a pioneer decision support to aid contestable consumers in 
Singapore electricity market to select the contracts rationally. The advantages of the 
systems include: 
(1) Instead of qualitative evaluation, it provides the consumer a quantitative 
comparison among the different contracts, not only the expected cost, but also 
the quantified potential risk. 
(2) It enables the consumer to forecast the electricity costs based on its individual 
belief of the oil price movements. 
(3) It can identify the optimal contract portfolio under uncertainties, taking into 
account the consumer’s risk attitude, reflected by risk aversion coefficient λ. 
(4) It is tailored to suit the need of consumers in Singapore electricity market by 
considering the special characteristics of the market and the restrictions of 
selecting contracts in practice. 
It should also be pointed out that, there are also certain limitations for this decision 
support system, including:  
(1)  The framework enables the consumer to forecast based on its individual belief; 
however, it also means that the forecasting reliability highly depends on the 
quality of the consumer’s forecast. Therefore, this tool is applicable for 
consumers who are equipped with the knowledge of the fuel oil markets.  
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(2) The decision support system considers specific types of contracts which are in 
practice in the market, and does not have a generalized form of contracts. 
Therefore, it may need to be revised when some new types of contract emerge 
in the market to accommodate the changes. 
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Chapter 6: Conclusions and Future Research 
The main purpose of this thesis is to develop a mathematical model to help 
contestable consumers in Singapore electricity market select optimal contract 
portfolio to minimize the total expected electricity cost and the associated risk. In this 
chapter, the main findings and contributions of this study are summarized, and the 
implications are discussed. Subsequently, suggestions for possible directions to 
extend this study in future research are provided. 
6.1  Main findings and contributions 
In a deregulated electricity market, consumers are faced with the decision making 
problem of selecting electricity contracts. In this study, we have proposed a portfolio 
approach to the contract selection problem of contestable consumers in Singapore 
electricity market, which can minimize the total electricity cost and accommodate the 
risk preferences of consumers. In the preliminary study, Mean-Variance framework 
has been chosen to model the single period contract selection problem. Multi-period 
contract selection problem has been formulated as a stochastic programming model, 
adopting Mean-CVaR framework. For the reason that fuel oil price is the dominant 
factor for electricity prices in Singapore electricity market, mean reversion process is 
chosen to model the fuel oil price movements.  Scenario generation and reduction 
techniques have been applied to resolve the uncertainties, and relax the stochastic 
programming model into a deterministic linear programming model. Numerical 
experiments have been conducted for both single-period model and multi-period 
model to investigate the impacts of different input parameters on the optimal solutions. 
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In addition, a practical decision support system that operates in spreadsheet has been 
developed to provide a useful reference for consumers.  
The main findings and contributions of this study include:  
(1) This thesis is the first study to take consumers’ perspective and the first 
attempt to address the contract selection problem in Singapore electricity 
market. It provides consumers with a quantitative contract portfolio solution 
instead of a single contract solution so as to minimize the total expected cost 
and risk jointly. 
(2) In terms of methodology, this study differs from the previous studies in taking 
fuel oil price movements into account, as it establishes the link between fuel 
oil prices and electricity prices and reflects the real market situation. The 
adoption of CVaR as the risk measure in the multi-period model also reflects 
the concern of the consumers to the largest extent, which is not only the 
average cost they are faced, but also the cost in the worst case scenarios.  
(3) Numerical experiments have been conducted to investigate the impacts of 
different input parameters, such as the load volatility, and the parameters of 
mean reversion model for fuel oil price movements. It can be interpreted from 
the result that, consumers with more volatile load profile need to choose less 
risky contracts. The major reason is that to achieve the trade-off between the 
risk and the cost, consumers subject to a higher risk need to sacrifice the 
potential savings in the cost in order to hedge against the risk they are exposed 
to.  
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(4) Another implication from the result is that, if a consumer is able to shift 
certain amount of electricity consumption from peak periods to off-peak 
periods, it will benefit both the consumer and the retailer and result in a win-
win situation. This motivates the future study of load management or demand 
management, which mainly deals with optimizing the cost savings from load 
shifting.  
(5) The developed spreadsheet decision support system can be easily used, which 
can serve as a useful reference for decision makers. Consumers can also 
forecast their electricity cost based on their subjective belief of the fuel oil 
price movements using the decision support system. 
6.2  Suggestions for future research 
There are some possible directions to extend this study in future work, as listed below:  
(1) It is obvious that the quality of the forecasts of electricity costs highly depends 
on the quality of the fuel oil price forecasting model. A robust modelling 
approach may be adopted to mitigate the sensitivity to errors.  
(2) As can be seen from the sensitivity analysis results, a flatter load profile leads 
to a smaller total expected cost. This provides consumers an incentive to shift 
partial load from peak periods to off-peak periods, or to store certain amount 
of electricity in off-peak periods and to use it in peak periods.  These 
approaches of cost savings may be considered jointly with the contract 
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Appendix A: Model Selection Criteria 
(1) Error-based model selection criteria: 
Mean Square Error (MSE) of an estimator is one of many ways to quantify the 
difference between an estimator and the true value of the quantity being estimated. 
The square root of MSE is Root Mean Square Error (RMSE), which has the same unit 






:    no. of observations
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   (A.1) 
RMSE is closely related to two other statistics: residual sum of squares (RSS) and 
2R  


































  (A.2) 
It can be seen that selecting the model with the smallest RMSE is equivalent to 
selecting the model with the smallest RSS and highest 
2R . However, there is a 
problem associated with selecting models using RMSE. When more explanatory 
variables are added to a model, the in-sample RMSE will fall down or at most remain 
the same. Such effects are called in-sample over-fitting, which reveals that including 
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more variables in a forecasting model won’t necessarily improve its out-of-sample 
forecasting performance, although it will improve the model’s fit on historical data. 
Hence, RMSE is a biased estimator of out-of-sample 1-step-ahead prediction error 
variance, and the size of the bias increase with the number of variables included in the 
model (Diebold et al., 2004).  
Besides, RMSE is sensitive to occasional large error since the squaring process gives 
disproportionate weight to very large errors; in that case, other measures such as 
Mean Absolute Error (MAE) or Mean Absolute Percentage Error (MAPE) may be 
more relevant.     
MAE is also commonly adopted, and is usually slightly smaller than RMSE. It may be 









    (A.3) 
MAPE is often useful, since it is expressed in the percentage form, which is more 
straightforward without the knowledge of the magnitude of the evaluated data.   
1
ˆ( )1








    (A.4) 
However, it has its own drawbacks in practical application. For example, if any of the 
observed value is zero, there is a division by zero.  
 (2) Information-based Criteria 
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Kullback-Leibler information is the basis for this approach (Kullback and Leibler, 
1951); K-L information between models f and g is defined for continuous functions as 
the integral in (A.5). 
( )
( , ) ( ) ln
( | )
f x
I f g f x dx
g x 
    (A.5) 
The notation ( , )I f g  denotes the “information loss when g is used to approximate f”. 
The purpose is to find an approximating model that loses as little information as 
possible, which is equivalent to minimize ( , )I f g  over g (Kullback and Leibler, 
1951). The formal calculation of K-L distance requires knowing the true distribution f 
as well as all the parameters in the approximating models. Thus, K-L distance cannot 
be calculated in real problems. Therefore, relative K-L distance is used as equivalence 
to the absolute K-L distance.   
Akaike’s seminal paper proposed a rigorous way to estimate the K-L information 
based on the empirical MLE and suggested to use it as a fundamental basis for model 
selection (Akaike, 1973). Akaike Information Criteria (AIC) is proposed as an 
approximately un-biased estimator of the applied K-L information.   
2ln 2
ln :  the maximized value of log-likelihood function





 (A.6)  
In the special case of least squares estimation with normally distributed errors, AIC 
can be expressed as a simple function of the residual sum of squares (RSS). If all the 
models in the set assume normally distributed errors with a constant variance, then 
AIC can be computed from least squares regression statistics as in (A.7): 


















   (A.7) 
However, it is found that AIC may perform poorly in the case of too many parameters 
and too small sample sizes. To solve this problem, a second order variant of AIC 
(AICc) is derived (Akaike, 1973): 
2 ( 1)
1









  (A.8) 
Another commonly employed information-based criterion is Bayesian Information 
Criteria (BIC) (Sugiura, 1978).  
2ln lnBIC L k n      (A.9) 
It has assumptions that an exactly “true model” exists, that it is one of the candidate 
models being considered, and that the model selection goal is to select the true model 
(Schwarz, 1978). Due to these assumptions, in some circumstances, it may be more 
relevant to employ AIC and AICc since there may not exist a “true model”. 
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Appendix B: Preliminary Data Analysis 
A preliminary investigation of the historical data of fuel oil prices is firstly conducted. 
The available data set is the monthly HSFO spot prices from Jan. 1990 to Sep. 2008. 
The following graphs show the movements of HSFO prices and the returns (Figure 
B-1, Figure B-2). In general, it exhibits an upward trend, followed by a sharp dive 
from the June of 2008 (Figure B-1). 
 
Figure B-1 HSFO monthly spot price (in USD/MT) from Jan 1990 to Sep 2008 
 
Figure B-2 Monthly return of HSFO Price (in USD/MT) from Feb 2003 to Sep 2008 
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(a) Seasonal Effect Analysis 
In Figure B-3, the monthly variation within year and yearly variation within month 
are shown. There is no evidence of month-of-year effect, whereas a yearly upper 
trend is observed. Similar conclusions can be drawn for the quarterly data in Figure 
B-4. 
 
Figure B-3 Monthly variation within year and yearly variation within month 
Figure B-4 Quarterly variation within year and yearly variation within quarter 
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(b) Ljung-Box-Pierce test 
To examine whether there exists autocorrelations in the return series, we perform 
Ljung-Box-Pierce test (i.e. portmanteau test). The null hypothesis is there is no auto 
correlation, and the test statistic is as follows. If the sample value of Q exceeds the 
critical value of chi-square distribution with s degree of freedom, at least one value of 
r is statistically different from zero at the specified significance level. 
2
1
( 2) / ( )
:  total number of observations
s:   number of coefficients to test autocorrelation











The data is tested for up to 1, 6, and 12 lags at a 0.05 significance level, and the result 
is as follows in Table B-1 and Table B-2. The test shows that the autocorrelation for 
monthly return is statistically significant; whereas the autocorrelation for quarterly 
return is not so significant. 
Table B-1 Ljung-Box-Pierce test result for monthly return of HSFO spot price 
Lag (s) H pValue Statistic CriticalValue 
1 1 0.0003 13.0558 3.8415 
6 1 0.0000 30.3516 12.5916 
12 1 0.0000 51.0969 21.0261 
 
Table B-2 Ljung-Box-Pierce test result for quarterly return of HSFO spot price 
Lag (s) H pValue Statistic CriticalValue 
1 0 0.7454 0.1055 3.8415 
6 1 0.0269 14.2573 12.5916 
12 0 0.0688 19.9092 21.0261 
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(c) Lagrange Multiplier’s test for ARCH effect 
We also perform Engle’s Lagrange Multiplier’s test to examine whether there exists 
ARCH effect. The null hypothesis of LM test is there is no ARCH effect. Under the 
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The test result is shown as below in Table B-3 and Table B-4 (under the significance 
level of 0.05), which is in support of ARCH effect for the monthly data; however, the 
ARCH effect for the quarterly data is not significant.  
Table B-3 LM Eagle’s test result for monthly return of crude oil 
Lag (s) H pValue Statistic CriticalValue 
1 1 0.0132 6.1366 3.8415 
6 1 0.0000 31.6845 12.5916 
12 1 0.0000 84.2166 21.0261 
 
Table B-4 LM Eagle’s test result for quarterly return of crude oil 
Lag (s) H pValue Statistic CriticalValue 
1 0.000 0.5833 0.3009 3.8415 
6 0.000 0.7114 3.7434 12.5916 
12 0.000 0.8563 7.0192 21.0261 
 
 
